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Introduction

In the realm of molecule optimization, a pivotal undertaking in drug discovery, and
chemical engineering including catalyst and polymer material designs, the imperative lies
in enhancing the desired properties of candidate molecules through strategic chemical
modifications. This pivotal process revolves around the core objective of generating
molecules that not only meet stringent structural, physical, and electrochemical criteria,
but also retain essential structural features (beneficial for relatively straightforward and
economic synthesis [1]). At the center of this inverse design issue is the fact that the
targeted properties are diverse, spanning the spectrum from qualitative to quantitative
aspects. These encompass properties dependent on electronic structures to overarching
global descriptions, intricately tied to the two-dimensional (2D) bond topology of the
molecule. A concomitant challenge emerges from the multifaceted nature of the goals,
necessitating the manipulation of scales and modalities within the molecule. This
spans the gamut from fine-tuning atom types and topological structure of atoms to
orchestrating alterations in the three-dimensional (3D) conformer structures, reflecting
the varied and nuanced nature of the optimization objectives. As a result, traditional
solutions rely on the knowledge and expertise of medicinal chemists, often executed
through fragment-based screening or synthesis [2—4]. However, such approaches are
inherently limited by their lack of scalability and automation.

In recent years, the landscape of computational lead generation has witnessed the
emergence of in silico methodologies. These methodologies prominently feature
deep learning techniques such as latent-space-based generation and Monte-Carlo
tree searching (MCTS) algorithms, which trade explicit mechanistic interpretability
to model more complex biological relationships learned directly from data such as
SMILES (Simplified Molecular Input Line Entry System) [5-8] and two-dimensional
molecular graphs [9-12]. The ensuing consequence is the flourishing advancement
in the field of molecular discovery, driven by the intricate challenges inherent in
identifying novel compounds endowed with specific and desired properties. Within this
expansive domain, one prominent line of research focuses on generative models, such
as variational autoencoders (VAEs) [5, 6, 13, 14] and generative adversarial networks
(GANSs) [15-18], which leverage deep learning [19-24] techniques to generate novel
molecules. These models have demonstrated promising results in generating diverse
and chemically valid molecules. By formulating the molecule optimization problem as
a sequence-to-sequence or graph-to-graph translation problem, [25, 26] also utilizes
molecular autoencoders as the backbone model for purely 2D molecule optimization.
Another approach entails the employment of Reinforcement Learning (RL) algorithms
to iteratively optimize molecular structures guided by predefined objectives. RL-based
methods [27-32] have shown potential in optimizing drug-like properties and exploring
chemical space efficiently.

However, a notable gap persists in the utilization of traditional encoder-decoder-
based de novo molecule generation methods for molecule optimization tasks. Lead
optimization [33] focuses on improving the properties of existing lead compounds,
leveraging experimental data and medicinal chemistry expertise to systematically refine
molecular structures. This approach tends to retain the major scaffold of molecules
for yielding drug candidates with better-defined pharmacological profiles and higher
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likelihoods of success in clinical trials. Unlike unconditional generative models that
generate molecules in a zero-shot manner from informationless noise, effective
automatic molecule optimization demands the learning of the distribution differences
between molecules before and after the optimization, aligning with preferred properties.
MoleculeSTM [11] addresses this challenge by introducing a latent optimization block
that guides property-directed transformations through vector movements in the
latent space. Since this occurs in the latent space rather than the real 3D molecular
space, such approaches grapple with diversity collapsing issues, potentially leading
to the loss of crucial molecular structure information. On the other hand, implicit
searching-based methods, such as reinforcement learning and MCTS, necessitate
expert-designed optimization paths. These paths are instrumental in training the
reward function, ensuring it aligns with fixed properties, and formulating policies for
molecular modifications. In practice, this entails identifying disconnection sites for
optimization, such as optimal side chains, at each step. A learned policy network then
selects the best actions from a pre-fixed set of valid molecule modifications. However,
this approach may suffer from inflexibility, as the predefined optimization path data and
the modification set may not capture the diverse and nuanced possibilities inherent in
molecule optimization.

Despite significant progress in molecular optimization, there remains a critical
challenge: existing methods often lack the ability to simultaneously address both 2D
molecular features (e.g., atom types and bond topology) and 3D conformer structures
while accommodating diverse and complex optimization goals. Traditional approaches
rely on predefined pathways or single-modality optimization, which limits their
flexibility and adaptability to real-world challenges. This challenge highlights the need
for a multi-modality-driven framework capable of unifying molecular property and
structure descriptions to enable robust and versatile optimization.

In general, it is highly desirable to develop a methodology that is purposefully tailored
for optimizing both the 2D aspects (atom types and chemical bond topology) and the
3D conformer structure of molecules, while maintaining compatibility with a broad
spectrum of complex goals to enable multi-goal guidance optimization. Capitalizing on
the remarkable capabilities exhibited by large language models (LLMs), there is a natural
inclination to explore the feasibility of consolidating property and structure descriptions
into a unified text format. Then, we are able to leverage the prowess of LLMs to extract
a unified representation from such textual amalgamation. In pursuit of this, we advocate
the training of a joint molecule diffusion model designed to capture the fine-grained
distributions of 2D+3D molecule structures. The crux of an ideal molecule optimization
lies in achieving alignment within the representation spaces of both the text side and
the molecule structure side. To this end, we introduce the 3D-based Text-oriented
Molecular Optimization (3DToMolo), wherein this specific cross-modality alignment
is realized through contrastive training. This involves training the representation
pair obtained from a lightweight LLM and an (SE(3)) equivariant graph transformer
specifically tailored for molecules. The intermediary steps introduced during the forward
diffusion process play a crucial role as a medium connecting the initial molecules with
those possessing target properties. In contrast to generative approaches of sampling
from white noise, the intermediate molecule representations retain essential structural
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information from the original molecules. Moreover, control over text descriptions is
meticulously exerted at each step during the subsequent backward optimization process.
Beyond the flexibility inherent in optimizing entire regions of molecules, 3DToMolo
showcases its prowess in two practical scenarios where substructures are preserved. In
these instances, specific three-dimensional structures are pre-fixed, and optimization
exclusively occurs within the remaining inpainting areas. This unique capability
underscores the versatility and effectiveness of 3DToMolo in addressing the diverse
challenges of molecular optimization, marking a significant step forward in multi-
modality-driven molecular design.

Results

Definition of text - structural optimization

Natural-language texts provide a cohesive framework for articulating intricate details
regarding the structural and property characteristics of molecules. We follow the
approach presented by MoleculeSTM [11] for optimizing structures of molecules,
guided by textual prompts. These prompts may encompass qualitative and quantitative
descriptions, addressing single or multiple goals. Nevertheless, a notable limitation
of the latent space optimization approach proposed in MoleculeSTM lies in its lack
of 3D structure encoding. It is imperative to recognize that the spatial arrangement
information of 2D chemical bonds, included in 3D conformer structures of molecules,
can contribute significantly to their chemical and physical properties. Consequently,
successful optimization of molecules or well-known scaffolds with precisely tuned
properties requires the integration of 3D structures.

Task definition. Given a molecule or molecular fragment My with known 2D and
3D structures, molecule optimization aims to modify atom types, 3D positions and
associated bond relations [34] to produce another molecule M;j. This transformation is
guided by the prompt-text y, ensuring that M; aligns better with the given text than the
original molecule M.

To establish a connection between the original molecule structure and the optimized
molecule, we introduce a series of noised states M;. Coarsening fine-grained details,
M, is a blurred version preserving essential semantic information. With a well-selected
time horizon T, ht serves as a common representation bridging Mo and M;. Utilizing
diffusion-based generative models, known for their efficacy in generating molecule
graphs [35] and 3D conformers [36], we propose that parameterizing and controlling the
denoising process, which reverses i1 to My, provides a flexible and grounded method
for optimizing molecules.

Suppose M; is generated by a Markov chain defined as:
dM; = f (M, t)dt + g(t) - AWy, (1)

where W; denotes Brownian motion, and f and g are smooth functions depending on
the current molecules and time ¢. Let p;(M;) be the marginal distribution of the noised
molecule M;. A 6 parameterized SE(3)-equivariant graph transformer Sy is employed to
learn the gradient of the log-likelihood p;(M;): V log ps(M;). The optimizing process
with prompt y follows the formula:
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dM = [f(M, 1) — g*(¢) - Vog p,(M, y)ldt + g (1) - AW, ()

where Vlogp;(M,y) = Vlogp;(M) + V log p;(y|M). Fitting the conditional probability
pr(y|M) involves using the latent molecular embedding extracted from another graph
transformer, trained independently with Sy (by pairing with the text embedding of the
prompt y). We will outline the overall workflow of 3DToMolo in the next section.

Development of a text-structural diffusion model

3DToMolo unfolds in two phases: pretraining and the subsequent application of
pretrained models to three types of downstream optimization tasks, as illustrated
in Fig. 1. During the pretraining phase, two key objectives are pursued. First, the
alignment of textual descriptions and chemical structures is undertaken. Second, an
unconditional 2D+3D molecular generation model is initiated. For both objectives,
we employ an encoder-decoder-based equivariant graph transformer that takes the 2D
molecular graph and the 3D coordinates of each atom as input. However, for the first
goal, we exclusively utilize the encoder component to extract the latent representation
of molecules. This decoupled workflow enables the utilization of extensive structural
data lacking accompanying text descriptions for training S. This aspect is crucial for the
generation of diverse optimized structures.

On the prompt-text embedding side, we leverage the widely acclaimed large
language model, LLAMA [37], as the text encoder, tapping into its ability to capture
nuanced semantic representations from textual descriptions. Then, the alignment is
achieved through contrastive learning of the two latent representations: the molecule
structure encoding and its paired text embedding. As a possible extension, the text-
structure alignment can be independently fine-tuned for domain-specific texts, e,g.,
materials [38]. To validate the effectiveness of our learned molecule latent embedding,
we conduct tests on retrieval and property prediction tasks. The experimental results
are provided in Table 1. In line with prior research on molecule pretraining [11, 39],
we adopt the MoleculeNet benchmark [40], which encompasses eight single-modal
binary classification datasets aimed at evaluating the efficacy of pretrained molecule
representation approaches. We consider nine pretraining-based methods as baselines:
AttrMask [39], ContextPred [39], InfoGraph [41], MolCLR [42], GraphMVP [10],
MoleculeSTM [11], GEM [43], and Grover [44]. We adopt the area under the receiver
operating characteristic curve (ROC-AUC) [45] as the evaluation metric. As delineated
in Table 1, our observations reveal that methods based on pretraining markedly
enhance overall classification accuracy compared to randomly initialized counterparts.
Additionally, 3DToMolo demonstrates superior performance on five out of eight tasks,
while achieving comparable results to the leading baselines in the remaining three
tasks. Since 3DToMolo lies in its ability to leverage pretrained chemical structure
representations that incorporate external domain knowledge, which potentially provides
a beneficial implicit bias for property prediction tasks. The key hyperparameters of
molecule encoder are layers of Graph Transformer 5, learning rate {le — 4, 1le — 5},
hidden states dimension (X: 256, E: 128, pos: 64).

Additionally, we pretrain an unconditional diffusion model designed as the backbone
to capture the vast and complex data distribution and generate new structures within
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Fig. 1 Overview of 3DToMolo. a The alignment of textual description and chemical structures of molecules,
which is realized through contrastive learning of the two latent representations: molecule structure encoding
with its paired text embedding. b Conditional diffusion model. In order to maintain molecule optimization
in alignment with the prompt, conditional diffusion model incorporates text prompts at each step during
the subsequent backward optimization process. ¢ The zero-shot prompt-driven molecule optimization

task involves modifying the input molecule in response to a given text prompt related to physicochemical
properties. 3DToMolo necessitates the overall optimization of both 2D and 3D features of molecules,
ensuring a balanced alignment with the input molecule and the text prompt which is achieved by the
conditional diffusion model, shown as (b). d Molecule optimization under structural constraints. This task
further enhances the similarity to the input molecule by retaining essential structural features. e Molecule
optimization under appointed sites. Given the precise position within the input molecule, 3DToMolo aims to
optimize molecule by offering strategies for atoms and the bonds connected with the site
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Table 1 Downstream prediction results conducted on eight binary classification datasets sourced
from MoleculeNet. The mark "~ represents the randomly initialized method. The best overall results
are highlighted in bold text

methods BBBP Tox21 Bace ToxCast Sider ClinTox MUV HIV

- 68.67 73.09 77.89 63.40 59.03 68.97 70.94 77.28
AttrMask 67.79 75.00 80.28 63.57 58.05 7544 73.76 7544
ContextPred 63.13 74.29 78.75 61.58 60.26 80.34 71.36 70.67
InfoGraph 64.84 76.24 77.64 62.68 59.15 76.51 71.97 70.20
MolCLR 67.79 75.55 71.14 64.58 58.66 84.22 72.76 75.88
GraphMVP 68.11 77.06 80.48 65.11 60.64 84.46 74.38 77.74
MoleculeSTM 69.98 7691 80.77 65.06 60.96 92.53 7340 76.93
GEM 72.40 78.10 85.60 69.20 67.20 90.10 81.70 80.60
Grover 68.00 76.30 79.50 63.40 60.70 76.90 75.80 77.80
3DToMolo 72.50 77.16 85.53 67.11 67.88 93.18 77.65 80.66

the chosen chemical space. The diffusion model samples Gaussian noise and undergoes
iterative denoising, resembling standard diffusion sampling. The validity of our pre-
trained generative models is verified through standard chemical validity tests, as detailed
in Appendix N Table N6. The introduction of the datasets we used is provided in the
method section.

By integrating the alignment objective into the denoising process (with the noising
step t iteratively tuned to retain the similarity ratio between M; and Mp), as detailed
in the method section, the model is capable of optimizing molecules with desired
properties in a seamless, end-to-end manner. Notably, 3DToMolo is zero-shot, signifying
that throughout the optimization process. We refrain from introducing any feedback
for multi-stage correction, and the denoising process is executed in a single run. We
propose three types of downstream tasks in the following sections and systematically
verify the robust effectiveness of 3DToMolo for text-structural optimization. All
downstream tasks conducted are based on zero-shot optimization, which refers to a
scenario where a model is required to optimize or adapt to new tasks or data without
having been explicitly trained on those specific tasks or data beforehand. For instance, in
molecular optimization, a model might be able to modify a molecule to achieve a desired
biological activity, even if it has never been trained on molecules with that specific task,
by leveraging its understanding of chemical space learned during pretraining. Zero-
shot optimization is particularly valuable because it allows for the exploration of new
chemical spaces or the design of molecules with novel properties, without requiring a
model to be retrained or fine-tuned on every new task.

Flexible molecule optimization under physicochemical property prompts
According to the degree of human knowledge involved in the molecule optimization
process, we may classify them into two categories:

1. Flexible optimization: This category encompasses processes that do not explicitly
specify the sites for optimizing atoms and the bonds connected with them.
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2. Hard-coded optimization: In contrast, this category involves processes that
precisely indicate the locations for optimization or substructures to be retained,
providing hard constraints regarding the targeted atoms and their geometry.

Details of both optimization algorithms are available in Appendix D. Here, we
prioritize the first category, wherein the prompt exerts a global influence on the entire
molecular structure without specifically identifying optimization sites. Formally, given a
molecule My to be optimized, we adopt the following pipeline:

My — hr l)Ml,

where y denotes the text-prompt. We deliberately choose a small value for T, ensuring
that the Tanimoto similarity coefficient [46] between /i1 and M, approaches unity. While
our text prompts encompass constraints ranging from 2D structure considerations
(e.g., the number of hydrogen bond donors or acceptors) to properties determined by
3D structure (e.g., polarity), we primarily focus on analyzing how 3DToMolo effectively
utilizes 3D structure information to enhance the alignment of the optimized molecule
with the given text prompt. It is important to note that, in addition to energies directly
calculated from 3D electronic configurations, we are equally intrigued by properties
that, while validated through the generated SMILES, might demonstrate indirect
connections with 3D structures throughout the optimization process. Our goal is to
investigate whether our optimization process, which involves 3D structures, takes
advantage of such properties. Consequently, we have designed multi-objective prompts,
such as “soluble in water and having high polarity,” to assess whether the 3D structure
constraint, specifically the requirement for polarity, aids in guiding our optimization
process through the vast chemical space.

In order to provide a reasonable and comprehensive evaluation of the molecule
optimization ability of 3DToMolo, we first benchmarked representative state-of-art
machine learning baselines, including:

+ MoleculeSTM: A multi-modal model, which enhances molecule representation
learning through the integration of textual descriptions.

+ GPT-3.5: With its immense language processing capabilities and a broad
understanding of chemistry concepts, has the potential to revolutionize molecule
optimization.

+ Galactica: A versatile scientific language model, extensively trained on a vast
repository of scientific text and data.

Note that while the training data for Large Language Model (LLM)-based models
encompasses significantly more scientific texts than domain-specific models, such
as ours, it is limited in its ability to assimilate information from modalities other
than textual, such as 3D structures. The effectiveness of models is assessed through a
satisfactory hit ratio, indicating whether the output molecule generated by the model
aligns with the conditions specified in the text prompt when given both a text prompt

and a molecule for optimization.
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Table 2 Results on 18 text prompts oriented towards diverse physicochemical objectives. The
inputs consist of 200 molecules randomly sampled from ZINC, with the evaluation measured by the
hit ratio (%) of the property changes in each experiment. Best baseline results are highlighted with
underlined text. Best overall results are marked by *. Statistically significant improvement (t-test over
5 different dataset splits, p-value< 0.05) is highlighted with bold text

Prompts Baselines 3DToMolo

MoleculeSTM GPT-3.5 Galactica

This molecule has low HOMO (Highest occupied molecular ~ 35.00 37.50 00.00 46.50*
orbital) value, which is more stable.
This molecule has high HOMO (Highest occupied molecular  28.00 40.50 00.00 58.50*

orbital) value, which is more reactive and susceptible to
electron acceptance or participation in chemical reactions.

This molecule has low LUMO (Lowest Unoccupied Molecular  09.50 27.50 00.00 30.00*
Orbital) value.

This molecule has high LUMO (Lowest Unoccupied 53.50 30.50 00.00 88.00*
Molecular Orbital) value.

This molecule has low HOMO-LUMO gap value, which has 09.00 29.50 00.00 87.50*

enhanced light absorption properties. The small energy

difference allows the molecule to absorb photons in the

visible or ultraviolet range, resulting in a higher likelihood of

exhibiting color or being used as a dye or pigment.

This molecule has high HOMO-LUMO gap value, which is 56.50 40.00 00.00 89.00*
insulating or non-conductive. The large energy difference

between the HOMO and LUMO orbitals makes it less likely

for electrons to be excited across the gap, resulting in low

electrical conductivity.

This molecule has high polarity. 41.50 44.50 00.00 58.00*
This molecule has low polarity. 45.00 3550 00.00 73.50*
This molecule is soluble in water, which may have high 28.50 25.00 04.00 46.00*
polarity.

This molecule is insoluble in water, which may have low 52.00 74.00 03.50 81.00*
polarity.

This molecule is soluble in water. 29.50* 24.50 04.00 26.50
This molecule is insoluble in water. 52.00 66.50 03.50 88.00*
This molecule has high permeability. 34.50 23.00 05.50 89.00*
This molecule has low permeability. 24.50 39.00* 0050 21.00
This molecule has more hydrogen bond acceptors. 07.50 20.00*  00.00 10.50
This molecule has more hydrogen bond donors. 05.00 12.50 00.00 34.50*
This molecule is like a drug. 42.00 59.00*  00.00 41.50
This molecule is not like a drug. 39.00 31.00 00.00 56.50*

Table 2 summarizes the molecule optimization performance of 3DToMolo and
existing approaches on a randomly selected subset of 200 molecules from the Zinc
dataset [47]. To establish a zero-shot generalization stage for testing 3DToMolo,
these 200 molecules were intentionally excluded from the model’s pre-training data
(although they may be present in other baseline models depending on their respec-
tive training datasets). We delve into 18 optimization tasks encompassing both 2D
and 3D-related optimization. The tasks cover a wide range of energetic and struc-
tural properties of molecules (scientific background in Appendix B). It is evident
that 3DToMolo consistently achieves exemplary hit ratios across the majority of the
18 tasks. This observation underscores the validity and benefits of incorporating 3D
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structures of molecules into the diffusion model and aligning chemical space with
semantic space, thereby facilitating the exploration of output molecules satisfied with
the desired properties. Incorporation of 3D structures also provides an additional
navigation for exploring the accessible chemical space. Our optimization results
diversify from different input molecules, different prompts, and different parallel runs
(Appendix K Figure K6). This feature enables 3DToMolo to effectively improve the hit
ratio by conducting multi-run optimization (Appendix K Table K4).

Visual analysis on single-objective molecule optimizations. We conduct a detailed
visual analysis of disparities between original and optimized molecules, focusing on
the single-objective tasks. Common modifications involve the addition, removal, and
replacement of functional groups or molecular cores, with frequent occurrences of
molecular skeleton rearrangements due to our ability to manipulate three-dimensional
structures. For instance, atoms with high electronegativity have large electron affinities
and thus can lower overall electron energy levels, whereas atoms with low electronega-
tivity do the opposite. Therefore, to heighten electron energy levels in response to tasks
like increasing the HOMO energy (Fig. 2al) and the LUMO energy (Fig. 2b1), 3DTo-
Molo removes highly electronegative atoms and functional groups in the input molecule,
such as fluorine and chlorine atoms, as well as sulfone and isoxazole groups. Con-
versely, in tasks requiring the reduction of electron energy levels, electron-withdrawing
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(d2) P! (e2) P! P V- (f2) and has high polarity.”
Original: Optimized: Original: Optimized: Original: Optimized:

o] HN o N/L/ (o) [o} 0,
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MolLogP: 1.722 MolLogP: 0.8847
MolLogP: 1.686 MolLogP: 0.3379 Dipole: 1.700 Debye Dipole: 0.6379 Debye Dipole: 1.700 Debye Dipole: 3.061 Debye

Fig. 2 Exemplary prompt-driven molecule optimizations: a the highest occupied molecular orbital (HOMO)
energy optimization, b the lowest unoccupied molecular orbital (LUMO) energy optimization, ¢ the
HOMO-LUMO energy gap optimization, d the water solubility optimization, (e) the polarity optimization, f
the water solubility and polarity multi-objective optimization. Prompts shown in the figure are simplified and
exact prompts used in experiments can be found in Table 2
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functional groups or atoms with high electronegativity are introduced (Fig. 2a2) and
2b2). In Fig. 2c1), the widening of the HOMO-LUMO gap is achieved by replacing the
isoxazole group with a saturated chain. In contrast, Fig. 2(c2) showcases the narrowing
of the HOMO-LUMO gap through the introduction of a double bond conjugated with
the carbonyl group. This is because the introduction/removal of conjugated structure
can result in denser/sparser electron energy levels and hence a wider/narrower HOMO-
LUMO gap. Figure 2d1) and 2d2) illustrate that the addition and removal of hydrogen
bond-forming groups, like hydroxyl groups and amines, modulate aqueous solubility by
increasing and decreasing it, respectively. Concerning molecular polarity, optimizations
such as changing a sulfur atom to a nitrogen atom increase bond polarity, enhancing
overall polarity (Fig. 2el), while the removal of a polar carbonyl group decreases polar-
ity (Fig. 2e2). Additionally, we conduct binding-affinity-based molecule optimization. As
shown in Fig. 3, two sets of output molecules have lower docking scores, validating that
the ligands generated by 3DToMolo could bind the receptor with higher affinity.

Visual analysis on multi-objective molecule optimizations. We further analyze
the multi-objective molecule optimization. Water solubility and polarity are two
positively correlated properties. Consequently, 3DToMolo turns the 2-oxo-1-pyrindinyl
group into a benzene group, which reduces the solubility as well as the polarity of the
input molecule (Fig. 2f1)). In contrast, 3DToMolo adds a hydroxyl group to the input
molecule when given the opposite prompt, which increases the solubility and the
polarity (Fig. 2f2). More results on multi-objective optimization are presented in
Appendix L Table L5. We observe that in the multi-objective task of improving both the
solubility and the polarity, 46% of the input molecules have been observed a solubility
improvement after optimization, while 31.5% have improvements in both properties,

(Set 1) Input molecule smiles: O=C(NC[C@H]1CCCO1)clcccccIN1CCCC1=0

™

4

(Set 2) Input molecule smiles: Cnlccc(C(=0)Nc2sc3c(c2C#N)CCC3)ccl=0

o e
Input molecule (docking score: -7.3)

\

Fig. 3 The visualization of binding-affinity-based molecule optimization. The text prompt is from ChEMBL
1613777 (“This molecule is tested positive in an assay that are inhibitors and substrates of an enzyme protein.
It uses molecular oxygen inserting one oxygen atom into a substrate, and reducing the second into a water
molecule” [48])

.

- —— - pEv
Input molecule (docking score: -7.8) output molecule (docking score: -9.3)
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higher than the hit ratio of the single-objective solubility improvement task (Table 2). It
hints that coupling with the polarity in the prompt helps us better tune the solubility. A
possible reason could be that 3DToMolo tunes the polarity more flexibly, as discussed in
the next paragraph.

Case study for 3D structural manipulation. In addressing prompts related to molec-
ular conformation, 3DToMolo adeptly achieves the goal by manipulating 3D structures
beyond functional-group-wise modifications. For instance, when instructed to decrease
the polarity of the input molecule, 3DToMolo strategically adds a polar hydroxyl group.
The added hydroxyl group spatially cancels out the dipole moment of another existing
C-O bond (Fig. 4a), resulting in a decreased total dipole moment. In another example,
when tasked with increasing the polarity of a molecule with six heteroatoms, including
two fluorine atoms, 3DToMolo removes highly polar C-F bonds and outputs a molecule
with four heteroatoms (Fig. 4b). This decision is based on the understanding that, in a
stable conformation, the two C-F bonds contradict the dipole of pyridine ring. Thus, the
replacement of C-F bonds by a hydroxyl group more aligned with the pyridine dipole in
fact increases polarity. These examples underscore 3DToMolo’s ability to comprehend
entire molecules, including transient conformational information, a crucial aspect for

precise task execution.

(a) Prompt: This molecule has low polarity (b) Prompt: This molecule has high polarity
Input Output Input Output
\ \ 1 T
A oH N (\N
3 $ |
- N ® o
OH H
o Oh OH G AN N

Dipole: 1.898 Debye Dipole: 0.914 Debye Dipole: 0.467 Debye Dipole: 0.905 Debye
Fig. 4 Exemplary optimizations involving spatial information in the polarity-related prompts. Above are the
2D graphs of molecules and below are their corresponding 3D conformations. a Under the prompt “This
molecule has low polarity’, a hydroxyl group is added to the molecule, which neutralizes the dipole of the
neighboring hydroxyl group due to the opposite alignment, as illustrated by the arrows. Consequently, the
dipole moment of the molecule is reduced from 1.898 Debye to 0.914 Debye. b Under the prompt “This
molecule has high polarity”, the output molecule discards two C-F bonds which counteract the dipole of
the pyridine ring and hence do not contribute much to the polarity. The removal of C-F bonds and the
introduction of an aligned hydroxyl group raise the dipole moment of the molecule from 0.467 Debye to
0.905 Debye
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Prompt-driven molecule optimization with structural constraints

While the flexible optimization scenario offers maximal optimization diversity within
the chemical space, there are situations where specific substructures, as designated by
experts, must be preserved. Formally, a molecule is decomposed into two disjoint parts:
Mo ]| So, with Sp representing the substructure to be protected. Consequently, we transit
from recovering p;(M ][ S) to the conditional density p;(M|S). Given that S is fixed, the
gradient required by the optimization process in Eq. 2 becomes:

Vp (M|S) = Vup(M ] 9.

While both the variational-based prompt molecule optimization MoleculeSTM and
our denoising-based approach share a common step of encoding molecules into a latent
space, it is methodologically impossible to decompose the molecule into two parts in
MoleculeSTM. This is because the optimization process in MoleculeSTM occurs in the
latent space, which is different from our formulation.

In the following experiments, we have carefully chosen specific physicochemical
tasks to conduct a thorough examination. Specifically, we protect all core structures
excluding the hydrogen atoms or other removable atoms. By only optimizing the pre-
defined removable atoms, we aim to maintain the integrity of the molecular backbone,
emphasizing the impact on non-hydrogen constituents, which play key roles in defining
the original molecule’s chemical properties and functionality.

Redox potential related prompt-driven molecule optimization. In the context of
energy storage, enhancing the energy density of batteries necessitates elevated voltage,
requiring electrolyte molecules with an expansive electrochemical window. As case
studies, we aim to increase the oxidation potential and decrease the reduction potential
of exemplary electrolyte molecules. Generally, the oxidation and reduction potentials of
a molecule can be influenced by the introduction of substituent function groups. Thus in
the following experiment, we protect the skeleton of original electrolyte molecules and
allow modifications and substitutions only to the hydrogen atoms.

Thiophene is a common structure used in electrolyte additives for lithium-ion
batteries. To augment thiophene’s resistance to high voltage, we apply the prompt “This
molecule has low HOMO (Highest occupied molecular orbital) value, which has high
oxidation potential” while constraining all atoms except hydrogens. A comparative
experiment without the prompt serves as the baseline. With the prompt, 19.5% of the
generated derivatives exhibit an increased oxidation potential, compared to 12.3%
without the prompt. Selected successful examples are presented in Fig. 5a. A similar
experiment is conducted on phosphate, frequently employed in electrolytes to enhance
battery stability at elevated temperatures. The success rate is 8.12% with the prompt and
5.66% without. To illustrate the modification of reduction potential, we use quinoxaline,
pertinent to redox flow batteries. By constraining all atoms except hydrogens and
employing corresponding prompts, we successfully modify the reduction potential
in two directions (Fig. 5a). In the more desirable direction of lowering the reduction
potential, we achieve a success rate of 69.1%.

Additionally, we conducted quantitative experiments a dateset of 143 common
electrolyte additives [49]. We focus on properties people generally concern about in
liquid electrolytes, including the redox potential, the polarity, and the water solubility.
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(a) Redox-related optimization with structure constrained
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(b) Internal-region optimization with stereochemistry constrained
Template molecule Prompt: “This molecule has four non-planar benzene rings.”

Tetraphenylsilane

CAS:1048-08-4 Q Output #1 . Output #2
(:1 OA0 %} O

Fig. 5 Molecule optimization with structural constraints. a Redox-related prompt-driven molecule
optimization with preserved skeletons. b A case study for optimization on the internal region. On the left
is a reported spiro-linked  —conjugated molecule, tetraphenylsilane, used as the template. The center
silicon atom (yellow-shaded area) is diffused while the four benzene rings remain fixed until final steps
of the denoising process. On the right are two selected output structures whose benzene rings remain
non-coplanar as desired. Hydrogen atoms are not shown for the sake of clear visualization

As shown in Table 3, 3DToMolo significantly outperforms the state-of-the-art baseline
GPT—3.5. The major challenge for GPT—3.5 lies in the validity of output molecules,
which contains problems such as incomplete rings and chemically incorrect bondings.
3DToMolo circumvents this defect, as the incorporation of 3D information makes it less
likely to forget those hanging rings or bonding condition of atoms.

Internal-region molecule optimization. Modification on the internal region of
a molecule is challenging [50], as it necessitates rational linkages of fragments. This
task becomes even more difficult when specific stereochemistry requirements are
imposed. Here, we demonstrate the competence of 3DToMolo for such tasks via a
case study on tetraphenylsilane. Non-coplanar benzene rings in tetraphenylsilane
(Fig. 5b, left) is a desired structural feature for optical materials that have high refrac-
tive index and low light double-refraction (birefringence) [51, 52]. Benzene rings con-
tribute to the strong refractive ability. The non-coplanar configuration hinders the
m — m stacking, preventing the formation of layering structure and thus reducing the
double-refraction. To generate more candidate molecules with satisfactory configura-
tion, we protect the benzene rings in the tetraphenylsilane molecule and diffuse the
center silicon atom under the prompt “This molecule has four non-planar benzene
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Table 3 The results of molecule optimization with structural constraints on the electrolyte additive
dataset [49] were evaluated using the hit ratio (%) of property changes in each objective-oriented
prompt. Statistically significant improvement (t-test over 5 different dataset splits, p-value< 0.05) is
highlighted with bold text

Prompts Validity (%) Hit Ratio (%)

GPT-3.5 3DToMolo GPT-3.5 3DToMolo

This molecule has low HOMO (Highest occupied molecular 2.867 41.54 02797  10.91
orbital) value, which has high oxidation potential.

This molecule has high HOMO (Highest occupied molecular 04196 4273 0.06993 29.65
orbital) value, which has low oxidation potential.

This molecule has low LUMO (Lowest Unoccupied Molecular 0 44.55 0 25.38
Orbital) value, which has high reduction potential.

This molecule has high LUMO (Lowest Unoccupied Molecular 04895 4245 04895 18.81
Orbital) value, which has low reduction potential.

This molecule has high polarity. 1.399 42.03 1.119 30.35
This molecule has low polarity. 0.1399  43.15 00.00 12.17
This molecule is soluble in water. 2448 55.24 1.678 36.50
This molecule is insoluble in water. 1.399 57.27 1.119 20.63

Note that the prompts we input into GPT—3.5 have subtle differences from those listed in the above table. To ensure a fair
comparison, we formulated our request to GPT—3.5 as follows: “Optimize this molecule: <SMILES> to achieve <specified
properties>. Optimization is restricted to hydrogen atoms only, while the rest of the input molecule remains fixed. The
number of atoms (including hydrogen) added to the optimized molecule must be within the range of 1 to 10. Provide 10
different and valid results.” For the compound prompts, the hit ratio is calculated based on the satisfaction of the redox
potential part. In most cases, GPT—3.5 fails to meet the requirements, as the generated molecules do not conform to either
the specified structural criteria or the desired properties

rings”. The protection is removed at final steps during the denoising process. Valid
generated structures are examined by Density Functional Theory (DFT) [53, 54] com-
putation. Most of the structures have connected four benzene rings via the generated
central motif and maintain the rings non-coplanar. Two optimized results are exem-
plified in Fig. 5b and more can be found in Appendix G Figure G4. As a comparison,
GPT—3.5’s performance on the same task is poor either because it fails to generate
required structures or because it merely conducts single-atom replacement on the sil-
icon atom without the capability of providing more sophisticated internal structures
(detailed in Appendix I).

We focus on the prompt-driven experiments in this section. However, we note that
3DToMolo is able to handle prompt-free unconditional generation (examples in
Appendix H and Figure H5), no different from other generative models that do not
incorporate LLM models.

Hard-coded molecule optimization on appointed sites

Precisely optimizing on pre-appointed optimization sites is notoriously difficult for
latent space-based molecule representations, primarily due to the missing of exact
spatial decoding. On the other hand, several machine-learning based optimization site
identifiers have been proposed, specifically tailored for domain-specific tasks. Since
many of these identifiers are trained on datasets where the goals are explicitly defined,
and such detailed objectives may be scarce in textual representations of molecular
structures. Consequently, 3DToMolo faces a hurdle in automatically identifying the
desired optimization sites solely from textual prompts. In light of this, we embark on an
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Fig. 6 Drug molecule optimization on appointed sites. a The molecular structure of penicillin. The blue line
marks the B-lactam ring. The dashed arrow shows the nucleophilic attack from the oxygen atom on the side
chain to the B-lactam ring. The yellow region marks the functional group to be optimized. The partial charge
on the nucleophilic-attacking oxygen atom is —0.506. b One representative example of our optimization
results under the given prompt is shown in the figure. The green region marks the modification where
the benzyl group is replaced by a more electron withdrawing isoxazole group. With the modification, the
partial charge on the nucleophilic-attacking oxygen atom is successfully reduced to —0.488. ¢ The molecular
structure of oxacillin, an existing analogue to our modification. d The molecular structure of triptolide. The
yellow regions mark the optimization sites. @ Two exemplary optimizations where the two modified side
chains have connected. Both exhibit increases in solubility as well as in polarity, as the given prompt orders. f
Selected examples in diverse drug molecule optimization tasks that have reported analogs

exploration to determine the adaptability of 3DToMolo to hard-code optimization on
pre-appointed sites, establishing a comprehensive optimization pipeline.

From a methodological perspective, the 3D positions of the appointed sites are utilized
during the hard-coded optimization process (see Appendix D for the algorithm details).
We showcase 3DToMolo’s capability on two exemplary drug-related molecules, peni-
cillin and triptolide. For penicillin, the crucial g-lactam ring [55, 56] is vulnerable to
-lactamase binding [57] and acidic hydrolysis [58] (Fig. 6a). One proposed mechanism
suggests the initial nucleophilic attack by the oxygen atom from another amide group on
the carbonyl group in the B-lactam ring [57]. Thus, an effective strategy is replacing the
benzyl group by a more electron-withdrawing functional group with substantial steric
volume to impede lactamase binding and to weaken the nucleophilicity of the attack-
ing oxygen atom. We optimize the penicillin molecule under the prompt “This molecule
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has large electron-withdrawing groups” while maintaining structural constraints on the
entire molecule except for the benzyl group. Of the optimized structures, 23% success-
fully exhibit a decrease in the electron density on the attacking oxygen atom revealed
by DFT computation, with 43% of these structures featuring a ring of at least five mem-
bers, indicative of substantial steric effects. An exemplary result demonstrates the
replacement of the benzyl group with an isoxazole group (Figs. 6b). Notably, the isoxa-
zolyl series of semi-synthetic penicillins, such as oxacillin and (Fig. 6¢), has been recog-
nized for superior resistance to acids and S-lactamases [59]. A comparative test utilizing
GPT—3.5 as a baseline reveals its inability to generate valid SMILES strings or preserve
the core structure under varying instructions (Appendix J).

We further demonstrate the capability of 3DToMolo beyond simple side chain substi-
tution in the optimization of Triptolide [60, 61] with the goal of enhancing its water solu-
bility. Referencing to reported modified derivatives [62], we choose two adjacent sites for
optimization, as depicted in Fig. 6d. The remaining structure is constrained. We employ
the prompt “This molecule is soluble in water and has high polarity” that has been

proven to be more effective in the previous section. Within successful optimizations,

Table 4 The results of molecule optimization based on specified editing positions on the small
molecule drug dataset, with the evaluation measured by the hit ratio (%) of the property changes in
each objective-oriented prompt. Statistically significant improvement (t-test over 5 different dataset
splits, p-value< 0.05) is highlighted with bold text

Drug Molecule  Objectives Prompts Validity (%) Hit Ratio (%)
GPT-3.5 Ours GPT-3.5 Ours
Apixaban Electron-donating High HOMO energy 55 73 1 18
substitution
Empagliflozin More hydrophilic Large polarity 0 15 0 8
lborutinib Higher permeability High permeability 19 33 0 2
Dapagliflozin Large aqueous solubility More soluble 0 35 0 13
Osimertinib Electron-withdrawing Low HOMO energy 30 52 0 39
substitution
Olaparib Electron-withdrawing Low HOMO energy 34 30 1 2
substitution
Abemaciclib More hydrogen bonding More hydrogen bond 20 42 0 21
interactions acceptors
More hydrogen bond 0 45 0 25
donors
Pomalidomide Electron-withdrawing Low HOMO energy 24 64 11 10
substitution
Tafamidis More hydrogen bonding More hydrogen bond 46 61 0 13
interactions acceptors
More hydrogen bond 10 48 0 5
donors
Lisdexamfetamine To control the hydrolysis High HOMO energy 0 1 0 8
rate
Low HOMO energy 0 19 0 5

Note that the prompts shown in the table have been abbreviated. The prompts actually used in 3DToMolo can be found

in Table 2, while we formulated our request to GPT—3.5 as follows: “Optimize the following molecule: <SMILES> to achieve
the desired properties: <specified properties>, while ensuring that the specified substructure <substructure> remains

unchanged. Provide 10 different and valid results. Note in this experimental setting, we employed a multi-run approach
to facilitate the generation of a total of 100 optimized results for each drug molecule. Specifically, each iteration obtained

10 distinct outputs from GPT—3.5, with a total of 10 iterations conducted. In most cases, GPT—3.5 fails to meet the
requirements, as the generated molecules do not conform to either the specified structural criteria or the desired properties

Page 17 of 26
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we observe some connected structures between these two optimization sites (Fig. 6e),
which is not achievable through sequential side chain substitution.

To provide a quantitative comparison, we construct a small task set of optimization
on appointed sites in common drug molecules under given prompts. Akin to penicillin
and triptolide above, modification sites and optimization strategies of each molecule
are carefully chosen based on relevant studies (details in Appendix B and Figure B1).
The performance of 3DToMolo is summarized in Table 4, whereas GPT—3.5 is used as
a baseline. Compared to the failure of GPT—3.5 shown in the table, 3DToMolo is more
powerful in adapting the domain knowledge it has learned in diverse drug discovery
tasks. Several optimized results by 3DToMolo not only meet the structural and property
requirements, but also are chemically reasonable, as they resemble known molecules
in existing database (Fig. 6f). These findings underscore the remarkable proficiency of
3DToMolo in selectively appointing and modifying substructures based on natural
language guidance, particularly in scenarios involving complex isomeric structures and
three-dimensional considerations.

Discussion

From a broad perspective, our text-structural optimization strategy falls within the
category of multi-modality controlled molecule structural modification approaches.
Given the inherent significance of 3D structures in shaping molecular properties, we
employed SE(3)-equivariant graph transformers for the intricate task of encoding and
decoding molecule representations. In summary, we integrated three types of modalities
of a molecule: molecule graph, 3D conformers, and text descriptions. Combined with
the noising-denoising 2D+43D diffusion models, 3DToMolo proves instrumental in
achieving highly promising optimization outcomes. It allows us to optimize molecular
structures not only at internal regions, enhancing flexibility, but also in pre-assigned
periphery through hard-coded implementations. Notably, the achievement of such
comprehensive optimization results would be unattainable without the incorporation of
fine-grained 3D position imputing manipulations.

Considering the crucial aspect of data efficiency, our design involves the decoupling
of the molecule structure generation model and the text-structural alignment guidance.
This separation enables us to leverage vast amounts of unlabeled structure data during
the training of the structure generator. 3DToMolo proves particularly advantageous
when labeled data for guiding text-structural alignment is limited. By tapping into
the abundance of unlabeled data, 3DToMolo gains a robust understanding of diverse
molecular structures. Remarkably, we are able to selectively fine-tune specific aspects of
the model in a low-rank manner [63], particularly when dealing with intricate molecular
geometry configurations such as binding scenarios or conformers exhibiting high energy
states. An additional rationale for favoring diffusion models in molecule optimization
lies in their global optimization approach. This stands in contrast to the local reinforced,
and often greedy approach of optimizing one disconnection site at a time. The global
methodology employed by diffusion models contributes to the generation of more
diverse and comprehensive optimization results. Finally, it is noteworthy that 3DToMolo
distinguishes itself by not necessitating optimization trajectories as part of our training
data, in contrast to traditional MCTS methods. This is attributed to the fixed nature
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of the noising process equation for every molecule, and only the denoising process is
learned. Conversely, the manipulation of the noising process to reinforce intermediate
states for synthesizability (as an example) is a plausible avenue. This adjustment holds
the potential to be beneficial for generating retrosynthetic pathways for our optimized
molecules.

As the field of multi-modality large neural networks advances swiftly, our research is
only a preliminary attempt on harnessing the potential of multimodality information to
guide the optimization of molecular structures. As an illustrative example, we utilized
paired text-molecule data to train the alignment between the molecular representation
X and the corresponding text representation Y. What remains unexplored is the
potential of adversarial matching between X and Y, wherein the mapping function
G learns to map the distribution of X to that of Y. This approach has the capacity to
leverage unpaired text and molecule data, offering a promising avenue for further
investigation. On the text side, 3DToMolo involves utilizing a pretrained Large Language
Model (LLM) for extracting text embeddings. This LLM model is specifically trained
by predicting the next word token based on context. While effective, a more intricate
strategy involves directly training a text-molecule equivariant large model in a similar
way as Emu2 [64]. This advanced approach allows for the generation of multi-modality
outputs. Unlike our current approach, where the model is trained to predict molecules
given the text, this more involved method also operates in reverse. It trains the model
not only to predict molecules based on textual descriptions but also to predict text
from molecular information. This bidirectional training scheme contributes to a more
versatile and expressive representation. Moreover, extending beyond text, the inclusion
of illustrations from academic papers adds another layer of informative guidance for
optimizing molecules. Such image representations can also serve as valuable cues for
refining and enhancing the structural optimization process.

Lastly, the uncertainty in synthesizability of generated molecules remains an unsolved
problem for many deep learning models. To ensure the optimization is not only towards
better properties but also better synthesizability, the model should be trained with
a considerable amount of data and human expert knowledge in the synthesis domain.
This is challenging because the data and the knowledge are constantly updating as new
synthesis methods are discovered. Notably, although 3DToMolo does not incorporate
synthesis-related data, its optimization results maintain synthetic accessibility scores
[66] (SAscore) comparable with their inputs (Figure M7 in Appendix M).

Methods

Datasets

We use PCQM4Mv?2 dataset’ to pretrain an unconditional diffusion model for modeling
complex data distribution to generate new structures within the chosen chemical space.
PCQM4Myv2 is a quantum chemistry dataset including 3,746,619 molecules originating
from the PubChemQC project [67]. MoleculeSTM dataset [11] with over 280K chemical
structure-text pairs is used to train a text-molecule model. To better align chemical space

! https://ogb.stanford.edu/docs/lsc/pcqmamv2/
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with semantic space, we effectively incorporate 3D structure information of molecules
to enhance the alignment with textual description. However, MoleculeSTM lacks 3D
coordinates of molecules, thus we extract 3D information and energy-related values
from PubchemQC according to the PIDs in MoleculeSTM. Regarding downstream tasks,
a novel molecule could be generated from Gaussian noise, or a molecule selected from
Zinc dataset [47] could be optimized through applying noise and recursively denoising.

Training details

All methods are implemented in Python 3.9.13. PyTorch Lightning is utilized to implement
a framework that maximizes flexibility without sacrificing performance at scale. All
experiments were conducted on Ubuntu 20.04.6 LTS with AMD EPYC 7742 64-Core
Processor, 512GB of memory, and 80GB NVIDIA Tesla V100.

Structural optimization through diffusion

Drawing inspiration from the demonstrated effectiveness of diffusion models in generating
data from noisy inputs, such as [68], and image-editing applications [69], we propose a
2D-3D joint diffusion model. We aim to introduce fine-grained prompt control through
the gradients derived from the contrastive loss, aligning the text-based prompt with our
2D-3D joint representation. To achieve this, our method employs a two-stage strategy. The
first stage utilizes a relatively large database of molecules with diverse physicochemical
properties. In the second stage, we leverage a text-molecule structure pair database for
cross-modality alignment and text-guided molecule structural optimization.

Denoising diffusion process

In the first stage, we conduct pretraining of a generative 2D-3D molecular diffusion model.
Following the structure of typical diffusion models, 3DToMolo encompasses two key
processes: the forward process and the reverse process. To adapt these processes to 2D-3D
molecular graphs, we represent the molecule M as a combination of node features (atom
types) H, an adjacency matrix E (representing chemical bond edges), and 3D positions
P, denoted as (H, E, P). Specifically, suppose the molecule is composed of #n atoms, then
H = [H',..., H"] represents the one-hot embedding in the periodic table for the 7 atoms.
In the forward process, the original structure of the molecule undergoes a joint Markovian
transition step by step. We denote the intermediate structure as M; := (Hy, E¢, Py),
where the initial structure is denoted as M. For the 3D point cloud P;, a Markov chain
is implemented by incrementally introducing Gaussian noise over T steps. The transition
from P;_ to P, is described as follows:

q(P¢|P;1) = N(Pt; v1— BePr—1, Bel),

where t € {1,..., T} denotes the diffusion step. Here, A/ represents the Gaussian
distribution, and the hyperparameter 8; € (0, 1) controls the scale of the Gaussian noise
added at each step. By leveraging the additivity property of two independent Gaussian
noises, we can directly express the state P; in terms of the initial Py:
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Py = \/aPy+ /1 — dye, 3)

where € ~ N(0,I), and a; = H§=1(1 — Bs). On the other hand, we treat z; = (E;, Hy) as
discrete random variables, and thus, we subject them to discrete Markov chains Qy:

q(ztlzi—1) = C(ze—1Qy),

where the transition matrix Q; represents the probability of jumping between states at
diffusion step ¢, and C denotes the corresponding categorical distribution. Specifically,
{Qt}OT comprises two components: {Q, Qf}g, with Qf = o? -1+ BZ - Iamy, where
my, € R? represents the marginal distribution of atom types in the training set. The QF
for edge diffusion is defined similarly. Finally, o7 and 7 govern the noise schedule of the
discrete part.

Stationary Distribution.

A key ingredient for the noising process is that the stationary distribution of q(M;)
is known. For example, q(P;) approaches N'(0,1) as ¢t — oc. Similarly, g(H;) and q(E;)
follow the categorical distribution defined by m1;, and m, as t — oco. Since these stationary
distributions are simple, we know how to sample them in a trivial way.

Next, the diffusion model learns to remove the added noises from M; to recover M;_1
using neural networks. Starting from /7, the reverse process gradually reconstructs the
relations within the 2D and 3D representation of the molecules through the denoising
transition step. Note that although the most straightforward parameterization is to directly
predict M; given M;_;, DDIM [70] has demonstrated that predicting the raw molecule My
is equivalent to predicting M;_; with the additional advantage of accelerating the generative
process during inference.

Joint Denoising Process.

We implement an equivariant graph transformer architecture Fy inspired by [50, 71] for
predicting Mo from M

Fo(My) = (EP(My), EF (M), FiE (My)).

For the 3D part, utilizing Eq. 3 and the Bayes formula, the posterior probability is given
by

q(Pe_1|P, FY (Mp)) ~ N (i - EE (My) + ve - Pyop - 1), (4)

where (4, V¢, and oy are parameters that don’t depend on the neural network.
For the 2D part, similarly, we have the discrete denoising Markov chain with the
transition probability given by:

q(Hy_1|Hy, EY (M) ~ H(Qn)T © F (M) Q—1, (5)

where Q; := Qi - - - Q;. Following the transition states of the joint denoising process step
by step, the reverse process gradually reconstructs the relations within a molecule graph
and its corresponding 3D structures.
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Optimization of the Diffusion Process. As demonstrated earlier, the optimization
objective for learning Fj is to reconstruct My from a noised M;. In practice, we found it
beneficial to include a regularization term dependent on the sampled diffusion step ¢

EEqon, v,y e Mo — Fo (M|, ©)

where /; is a set of parameters depending on the noise schedule «;. From the posterior
distribution (Eq. 4 and Eq. 5) perspective, the reconstruction loss is equivalent to
optimizing an Evidence Lower Bound of the likelihood [72] of the original molecular
distribution p(M)).

Text-structure alignment

Prompt guidance. In the previous section, we demonstrated how to reconstruct a
molecule from a denoising process, laying the groundwork for meaningful molecule
optimization. However, the challenge lies in guiding the denoising process to ensure
that the final optimization result aligns with a given prompt. Formally, the prompt
guidance denoted by y is expected to influence the transition probability of the
denoising process:

qo (M IMi—1) — qo (M IMi_1,y) = p(y, t) - qo (M| Ms_1).

To address this, we introduce the Clip mapping [73], previously used in text-image
alignment, to establish a connection between the text prompt and our molecular
structure. The contrastive-based CLIP loss minimizes the cosine distance in the latent
space between the molecule representation X and a given prompt text y:

f(x,9) = Clip(x, y),

where Clip returns the cosine distance between their encoded vectors. We utilize a
pretrained molecular embedding model from [50] that maps M to its vector embedding
X. On the text side, we extract a latent embedding from a light version of pretrained
large language model LLAMA-7B [37]. During the optimization of Clip, the parameters
of the two encoders are efficiently fine-tuned in a stop-gradient way.

Then, the amplitude of f directly measures the alignment between a given molecule
and its prompt text. In other words, for an original molecule embedding Xy, we aim for
the optimized molecule X,ptimized to satisfy the condition:

daf - (Xoptimized —Xo) > 0.

Thanks to the auto-differentiation technique developed by the deep learning community,
obtaining the gradient df with respect to the parameters of the molecular embedding
model, is straightforward.

Now, we design gy (M;—1|M;, y) based on the differential df. Assuming Clip is robustly
trained, let p(y|M;) = N'(f(M;), 0, - I), where o; is a hyperparameter. Then, using the
Taylor expansion:
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qo(My—11My, y) = qo(My—1|1My) - p(y|M;—1) (7)

~ o (My_1|My) - e=V 108POIXM)M; - —M;> @

where  Vlog p(y|X(M;)) x —=V||y — f(M;)||>. Combining the above, we set
qo (M;—1|M;, y) to be:

—A< — 2 1>
qo (My_1|My,5) o go(My—1|My) - e~ +=<Vae|l=~f MDIEMi—1> 9)

and the parameter / is introduced to control the strength of the prompt guidance.

It is worth emphasizing that all the aforementioned optimization experiments were
conducted with a focus on adapting the de-noising steps. Our findings from extra
experiments (detailed in Appendix F) and inherent nature of diffusion model indicate
that the choice of de-noising steps is correlated with the resemblance between the
optimized molecule and the initial input. In cases where minimal alterations to the input
were anticipated, opting for smaller de-noising steps proved to be effective.

Multi-identity alignment. To alleviate the mode-collapse issues of the global CLIP
loss, we propose to utilize the method in [38] to enhance the original text embedding
yo with its identity-wise embedding yi,...,yn automatically extracted from the
grammar-parse tree of the text. Note that we empirically find this technique to be
beneficial for multi-objective prompt tasks. Let’s take “This molecule is soluble in
water, which has lower HOMO value.” Then, the extracted identity-wise embedding is
y1 = “soluble in water” and y, = “lower HOMO value”. The concatenated embedding
¥ = (¥0,¥1,¥2) is fed into the sampling formula Eq. 7 during inference.

Manifold constraint. Drawing inspiration from the geometric explanation of the
diffusion process proposed in [72], the 3D score function Vgpyg (P;) points towards the
normal direction of the data manifold defined by the probability density g(Pp). In the
molecular scenario, this data manifold corresponds to valid molecules, constituting a
low-dimensional sub-manifold within the space of all chemical graphs. For instance, the
valence rule of atoms imposes a strict constraint on the topology of the graph.

However, the gradient df (as seen in guidance-sampling: Eq. 7) may have negative
components along the direction of Vpy (P;), potentially leading to a deviation from the
data manifold defined by g(Pp). To address this concern, we propose subtracting the
negative component from df to enhance the validity of the final denoising result:

Vpo(Py)

dj df — s(df,Vpe(Py)) - —————,
if — df —s(df,Vpe(Pt)) IV pe POl

where s(df, Vpg (Py)) = df - ”gﬁ%. Empirical findings suggest that incorporating the

manifold constraint during sampling improves the validity of optimized results for both
single-objective and multi-objective optimization tasks.
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Evaluation of physiochemical properties

The energy minimization of optimized structures and the computation of charge
distribution as well as other physiochemical properties are done by Gaussianl6 [54]
using B3LYP functional and 6-31 G* basis set. The evaluation metric for optimized
results under text prompts is the satisfactory hit ratio, which gauges whether the output
molecule can fulfill the conditions specified in the text prompt (detailed in Appendix B).
The high-throughput computation of redox potentials is done by a structural-descriptor-
based machine learning regressor (detailed in Appendix E).
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