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SPECIAL TOPIC — Computational programs in complex systems
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The task of molecule generation guided by specific text descriptions has been proposed to generate molecules that
match given text inputs. Mainstream methods typically use simplified molecular input line entry system (SMILES) to repre-
sent molecules and rely on diffusion models or autoregressive structures for modeling. However, the one-to-many mapping
diversity when using SMILES to represent molecules causes existing methods to require complex model architectures and
larger training datasets to improve performance, which affects the efficiency of model training and generation. In this pa-
per, we propose a text-guided diverse-expression diffusion (TGDD) model for molecule generation. TGDD combines both
SMILES and self-referencing embedded strings (SELFIES) into a novel diverse-expression molecular representation, en-
abling precise molecule mapping based on natural language. By leveraging this diverse-expression representation, TGDD
simplifies the segmented diffusion generation process, achieving faster training and reduced memory consumption, while
also exhibiting stronger alignment with natural language. TGDD outperforms both TGM-LDM and the autoregressive

model MolT5-Base on most evaluation metrics.
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1. Introduction

Molecular generation plays a critical role in fields such
as chemistry, drug development, and materials science, es-
pecially in designing molecules that meet specific functional
or structural requirements.!!! In recent years, with the rapid
development of artificial intelligence, text-guided molecular
generation tasks have gradually attracted widespread attention.
This task aims to generate molecules that match given textual
descriptions, integrating the advantages of natural language
processing and molecular modeling, and providing a new av-
enue for precise molecular design.

With the rise of deep learning, generative models have
become important tools for molecular generation. Early
generative methods employed sequence-based molecular rep-
resentations, such as simplified molecular input line entry
system (SMILES).>*# Models like variational autoencoders
(VAEs)P! and recurrent neural networks (RNNs)[®! were used
to learn the distribution of existing molecules and generate
new molecules by sampling from the latent space.!’~"!

Currently, mainstream approaches mainly rely on two
types of models: diffusion models!'®! and autoregressive
structures. These methods commonly utilize SMILES to rep-
resent molecules.!' =131 As a concise and easy-to-understand

TThese authors contributed equally to this work.
fCorresponding author. E-mail: xjkong@ieee.org

CSTR: 32038.14.CPB.adbedd

chemical structure representation, SMILES is widely used in
molecular generation tasks due to its simplicity and operabil-
ity. However, although each molecule is unique in its physical
structure and chemical properties, the same molecule can be
represented by multiple different SMILES strings, introduc-
ing ambiguity through this one-to-many mapping and increas-
ing the learning difficulty for generation models, as shown in
Fig. 1. In addition, minor modifications to SMILES strings can
lead to invalid chemical structures, thereby increasing the dif-
ficulty of generating valid molecules. Especially when guided
only by text descriptions, models often struggle to accurately
capture textual information and generate molecules with the
correct structure and function.

In response to this, existing methods use complex model
architectures and increase training samples to improve accu-
racy, but these approaches affect the training and generation
efficiency of the models. For example, MolT5!!'4 uses two
monolingual corpora for pre-training. For the text modality,
MolTS5 selects the “Colossal Clean Crawled Corpus” (C4),1321
containing over 700 GB of English text, as the pre-training
dataset, while for the molecular modality, it directly uses
100 million SMILES strings from Chemformer.!!3] The vast
amount of training data makes MolT5’s pre-training highly de-
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manding in terms of computational power. TGM-DLM!!!1 ig
currently the model with the best overall performance in the
field. Although TGM-DLM does not use additional datasets
for pre-training, to compensate for the lack of validity in
molecule generation, TGM-DLM adopts a two-stage gener-

o) o) <::|

HO OH OH

O OH

CitricAcid CsHgO7:HOOC-CH,-C(OH)(COOH)-CH,-COOH
SMILES, : C(C(=0)0)C(CC(=0)0)(C(=0)0)0

SMILES, : 0=C(0)CC(0)(CC(=0)0)C(=0)0

SMILES; : OC(=0)CC(0)(CC(=0)0)C(=0)0

HO
D/\/ NH,
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SMILES; : C1=CC(=C(C=CI1CCN)O)O
SMILES; : NCCclcee(O)c(O)el |:>
SMILES;3: clee(O)e(O)ec1CCN

ation strategy: the first stage focuses on generating molecules,
and the second stage focuses on improving them to conform to
SMILES syntax. This approach increases the generation va-
lidity of the model but clearly adds to training costs and slows
down generation speed.

Fig. 1. Multiple SMILES correspond to one molecule.

To address the issue of model complexity caused by the
uncertainty of single molecular representations, this paper pro-
poses a text-guided diverse-expression diffusion model for
molecule generation (TGDD). TGDD uses not only SMILES
but also self-referencing embedded strings (SELFIES) to rep-
resent molecules. This method employs context-free gram-
mar to encode molecular graphs into string formats, ensur-
ing that any SELFIES string corresponds to a valid molecule,
thereby significantly reducing the probability of generating in-
valid molecules. TGDD combines SMILES and SELFIES ex-
pressions to form a new joint molecular representation and uti-
lizes text descriptions for guidance, iteratively optimizing to-
ken embeddings to achieve precise molecular mapping. Using
this joint molecular representation, we can achieve excellent
results with only a simple diffusion model.

In summary, the contributions of this paper can be sum-
marized as follows. We propose a data augmentation method
that converts the SMILES representation of molecules into
SELFIES format, enriching the dataset and facilitating future
joint learning efforts for diverse molecular representations.
We propose a text-guided molecule generation diffusion lan-
guage model based on diverse-expression (TGDD). TGDD in-
novatively performs joint learning of different representations
of the same molecule, integrating SMILES and SELFIES. It
achieves excellent performance with minimal memory usage
and offers three output modes to cater to different application
scenarios. Large-scale experiments on the dataset demonstrate
that our model has achieved optimal results in understanding
the correlation between natural language and molecular ex-

pressions.

2. Related work
2.1. One-dimensional molecular representation

One-dimensional molecular string representations, being
the expression methods closest to natural language, serve as

the cornerstone of high-dimensional molecular expressions
and were the earliest molecular representation forms used in
machine learning. Since the introduction of the SMILES,>—
its concise form and ease of parsing have been favored by
researchers. However, the inherent syntactic deficiencies of
SMILES often lead to lower validity in generation models
based on SMILES. Designing more scientific molecular rep-
resentation forms has thus become a hot research topic.

To accurately describe the stereochemical information of
molecules, Isomeric SMILES!!%! adds encoding for chiral cen-
ters and isotopic information, enabling precise representation
of molecular stereostructures and isotopic labels.

The International Union of Pure and Applied Chemistry
(IUPAC) and the National Institute of Standards and Technol-
ogy (NIST) jointly developed the International Chemical Iden-
tifier (InChI).!'”) InChI adopts a hierarchical string represen-
tation, providing standardized and normalized molecular de-
scriptions, facilitating the sharing and retrieval of chemical in-
formation. However, InChl strings are lengthy and lack read-
ability, making them unsuitable for direct use in generation
models.

DeepSMILES!®! significantly improves validity by using
single ring closure digits and adopting postfix notation to avoid
the use of paired parentheses, making it suitable for machine
learning of chemical structures.

SELFIES, "] based on strict grammatical rules, ensures
that any valid SELFIES string corresponds to a valid molec-
ular structure. This greatly enhances the ability of generation
models to produce valid molecules, addressing the inherent
flaws of SMILES in the generation process.

The t-SMILES? performs a breadth-first search on a
full binary tree formed from a fragmented molecular graph
to generate SMILES-like strings for describing molecules. On
labeled low-resource datasets, t-SMILES achieves higher nov-

elty scores while maintaining reasonable similarity.
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2.2. Diffusion models in language generation

Diffusion models, originally developed for generative
modeling in the continuous domain, particularly for images,
have recently been extended to handle discrete data such as
natural language. These models, like denoising diffusion prob-
abilistic models (DDPM) introduced by Ho e al.,['") work by
iteratively adding and then removing noise to data, effectively
learning the data distribution through a diffusion process.

Applying diffusion models to language generation poses
unique challenges due to the discrete nature of text.?!l Un-
like images, where pixel values are continuous, words and to-
kens in language are discrete symbols. To bridge this gap,
researchers have proposed methods to adapt diffusion models
for discrete sequences.

One approach involves mapping discrete text data into
continuous representations. For example, Diffusion-LM by Li
et al.'?”) employs a continuous diffusion process over embed-
ded representations of text. The model integrates denoising
diffusion techniques with transformer-based architectures, >3]
enabling it to generate coherent and diverse text by learning to
reverse the noising process applied to embeddings.

Another line of work focuses on defining diffusion pro-
cesses directly over discrete variables. Jacob Austin et al.[**]
introduced methods for discrete diffusion using categorical
distributions, allowing the diffusion model to operate on dis-
crete data without continuous relaxation. This approach has
been applied to language tasks by modeling the diffusion over
vocabulary tokens, facilitating applications in text generation
and machine translation.

In the context of molecular generation, diffusion mod-
els have shown promise in generating complex molecular
structures.[?>26] The parallels between molecular graphs and
linguistic structures suggest that advances in diffusion mod-

Tokenize

7 SMILES
HZN\\(\ 74: N
S /\QNH SELFIES
HoN

[C][N][Branchl]...[C]
[=N][N]

els for language can inform and enhance molecular genera-
tive models, as both domains deal with discrete combinatorial
spaces.

The application of diffusion models in language gener-
ation is an emerging and active area of research. Continued
exploration is expected to lead to improvements in natural lan-
guage processing tasks, including text completion, translation,
and dialogue systems. As these models are further refined,
they hold the potential to advance the state-of-the-art in gener-

ative language modeling.

3. Task formulation

The goal of text-guided molecular generation is to pro-
duce molecules that match the text description. Specifi-
cally, given a description text C of length L, where C =
[wo, w1, ...,wr] represents all the words in the text and w; indi-
cates the i-th word, model M takes the text C as input. C guides
the model to generate the target molecular representation X,

as shown below:

Xo = M(C). (1

4. Method
4.1. Data augmentation

Deep learning models typically output vectors, and estab-
lishing the relationship between these output vectors and the
generation targets is a fundamental challenge for any genera-
tive model. TGDD addresses this by constructing a vocabulary
that maps discrete numbers to molecular expressions. Subse-
quently, an embedding layer is employed to transform these
discrete numbers into high-dimensional continuous vectors, as
shown in Fig. 2.

Xo

Vocab

Word
9_ embedding

172 : C

Fig. 2. The architecture of data augmentation.

4.1.1. Tokenizer

To maintain the integrity of atomic groups, we follow
the standards of TGM-DLM by treating each character group
with complete chemical significance as a single token. For
example, silane is tokenized as [SiH4] rather than splitting
it into (S, i, H, 4).

stored as a vocabulary V. For a given molecule M, it can

Each unique token is numbered and

be initially serialized by traversing the vocabulary V as My =

[S1,S2,...,SL], where S; is an element in V representing the
i-th token, and L is the length of the tokens after initial se-
rialization. To standardize input and clarify valid informa-
tion, My is further padded into a sequence of length N as
M; = [[SOS],S1,S,,...,5., [EOS],...,Sy]. Here, [SOS] and
[EOS] are artificially added start and end tokens, and N is
the specified uniform sequence length, with any shortfall filled
with specific blank tokens [PAD], and any excess truncated, as
shown in Fig. 3.
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Original SMILES string:
CSCC[C@H](C(=0)[0-])N

SMILES tokenization:

[S0s], C, S, C, C, [CaH], (, C, (, =, O, ), [0-], ), N, [EOS], [PAD], ..., [PAD] \/\/U\
7~

Corresponding SELFIES string:

[C][8][C][C][C@H1] [Branch1][=Branch1][C][=Branch1][C][=0][O-1][N]

SELFIES tokenization:

Z e
e

[SOS], [C], [S], [C], [C], [C@H1], [Branchl], [=Branchl], [C], [=Branchl],

(], [=0], (0], [N], [EOS], [PAD], ..., [PAD]

Fig. 3. Example of SMILES and SELFIES tokenization.

In the process of tokenizing the SMILES and SELFIES
representations of each molecule, we systematically record
each unique token to construct a joint vocabulary. In this pro-
cess, we adhere to the genuine meaning of chemical symbols,
rather than treat individual characters as the smallest tokens.
We make efforts to retain the chemical significance of each to-
ken; for instance, tokens like “[C@H]” are preserved in their
entirety to ensure the accurate representation of their structure
and function.

Furthermore, we consolidate the common parts of differ-
ent molecular representations in the middle of the vocabulary,
while the unique tokens of different molecular representations
are recorded at the beginning and the end of the vocabulary.
Following this series of processes, we ultimately constructed
a joint vocabulary consisting of 414 tokens, including 254
SMILES tokens, 314 SELFIES tokens, and 154 overlapping
tokens.

Ultimately, the sequences of the two molecular expres-
sions of the same molecule, after tokenization, will be com-
bined in order to form a sequence M, with a length of 512.

Xr X711
Forward

Description

4.1.2. Embedding

Each token S; in the serialized molecular representa-
tion M, is mapped into a high-dimensional space through
an embedding, forming a sequence of embedding vectors
Emb(M,) = [Emb(sg),Emb(s),...,Emb(s,)] € R¥" where
d represents the embedding dimension and » represents the se-
quence length. Similarly, the input descriptive text is mapped
to a high-dimensional space Emb(C) through SciBert.

4.2. Molecular generation

In the field of text-guided molecular generation, diffusion
models learn how to gradually denoise a complete Gaussian
noise into a target molecular representation. The key steps in-
volve two processes: forward noise addition and reverse de-
noising. The forward noise addition process incrementally
adds noise to the vectorized molecular representation until it
becomes the complete Gaussian noise. In the reverse denois-
ing process, the model, guided by text, gradually denoises the
complete Gaussian noise into the corresponding target molec-
ular representation vector. The noise addition process is fixed,
while the denoising process is learnable. The overall process
is shown in Fig. 4.

Xo

Forward

Guidance

The molecule is the monocarboxylic acid
amide resulting from the formal

condensation of the aryl amino group....

Fig. 4. The architecture of molecular generation. The forward process is the noise addition process, while the reverse process is the denoising
process. The depth of the vector color represents the degree of noise influence.

4.2.1. Forward

The forward process first requires a random initial matrix
Xo, which is sampled from a Gaussian distribution centered
at Emb(M3): xo ~ N (Emb(M2),00I). During the forward

process, Gaussian noise is gradually added to Xy, and the pu-

rity of the added noise is controlled by a predefined constant
B € [0,1], until Xy becomes pure Gaussian noise Xr, with
xr ~ N(0,I). The formula for adding noise at each step is
as follows:

q(@i|ai—1) = N (x5 /1= Brace—1, B I). ()
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4.2.2. Reverse

The traditional reverse process starts from the final result
of the forward noising process X7, and restores Xr_| based on
Xr, gradually restoring back to Xy. However, the step-by-step
restoration cannot guarantee the completeness of the process.
Therefore, TGDD trains a neural network fy, which does not
focus on the intermediate process from Xr to Xp, but instead
focuses on how to restore Xy from X7. The denoising process
is expressed as follows:

Pe(wt—1|93t) = N(Jizl;ftiéf,fe(xtat)
n Vo (1—ay 1)

1—0y

— 041

1
O &I) 3)

where o = [T,_o(1 — Bs). By sequentially applying Eq. (2)
starting from pure noise X7, we can alternately sample X,_,
and eventually obtain Xj.

The function fy is driven by a transformer model, which
consists of T layers. Each layer’s cross-attention block intro-
duces the embedding vector Emb(C) from the text description.
To better enrich the weights of each word segment, Emb(M>)
will undergo further information extraction through a multi-
layer perceptron (MLP):

0=wY:", K =W MLPEmb(C)),
vV = W) MLP(Emb(C)),

Attention(Q,K,V) =V - softmax (KTQ> 4)
) ) \/di2 )

(i)
where WQ/K/v

the cross-attention block in the i-th layer.

€ R4 >4 represents the learnable parameters of

To incorporate the temporal information of the diffusion
step ¢, we mimic the method of positional embedding by ex-
panding 7 into a vector M(¢) through an embedding layer. M (t)
and the positional embedding are equally considered in the in-

1

put of the first layer of the transformer:

2% = Winx, +PosEmb + M(z), ©)

where PosEmb denotes the positional embedding. W, €
R&2xd Z,(O) € R%2*" and d, is the dimension of the trans-

former.

4.3. Output

In the training phase, TGDD accepts natural language de-
scriptions of molecular properties as input and uses diverse-
expression to represent the target molecule. The goal is to
output a diverse-expression that is consistent with the target
molecule. It is worth mentioning that we can easily parse
the target molecule’s SMILES and SELFIES expressions from
the diverse-expression. Furthermore, SMILES and SELFIES
can be converted into each other losslessly using the Python

library provided by Krenn et al. Therefore, in the evalua-
tion phase, TGDD’s output can switch seamlessly between the
three modes without any loss.

1. TGDD-SMILES The SMILES is parsed from the
diverse-expression generated by the model and is included
in the evaluation, where the evaluative entities are the parsed
SMILES and the target molecule’s SMILES.

2. TGDD-SELFIES The SELFIES is parsed from the
diverse-expression generated by the model and is included in
the evaluation, where the evaluative entities are the parsed
SELFIES and the target molecule’s SELFIES.

3. TGDD-DIVERSE The evaluation process prioritizes
parsing SMILES from the diverse-expression generated by the
model. If the parsed SMILES is valid, the evaluation follows
the same procedure as TGDD-SMILES. If the parsed SMILES
is invalid, the corresponding molecule for the invalid SMILES
will have its SELFIES parsed from the diverse-expression gen-
erated by the model, and the evaluation will follow the same
process as TGDD-SELFIES.

5. Experiment
5.1. Dataset and experimental settings

We use the publicly available dataset ChEBI-20,1!4]
which contains 33010 pairs of molecular descriptions. The
dataset is split into training, validation, and test sets in a ratio
of 8:1:1.

It is worth mentioning that since ChEBI-20 only includes
molecular IDs, molecular SMILES, and text descriptions, and
does not include SELFIES representations of the molecules,
we enriched ChEBI-20 by adding the SELFIES representa-
tions of the molecules to the dataset using the Python library
provided by Krenn et al.!'°!

The maximum length of the serialized diverse-expression
was limited to 512. Molecules exceeding this length were fil-
tered out, which accounted for approximately 2% of the entire
dataset. The joint vocabulary contained 417 tokens, including
3 special tokens ([SOS], [EOS], [PAD]), 254 SMILES tokens,
and 314 SELFIES tokens. Notably, the 154 overlapping tokens
represent the intersection of the two molecule representations
after serialization.

Under our hardware conditions (AMD EPYC 7742 (256)
@ 2.250 GHz CPU and one NVIDIA A100 GPU), training the
model for 200000 steps takes 38 hours, and generating a single
molecule only takes 0.7 s.

5.2. Metrics

To verify the effectiveness of the model, we use the fol-
lowing metrics to evaluate its performance:

BLEU"®") and Levenshtein distance:'*®! Used to eval-
uate the similarity and differences between the generated
SMILES strings and the labels.
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MACCS FTS,?°! RDK FTS,?% and Morgan FTS:3!!
Evaluated by computing the average Tanimoto similarity be-
tween the fingerprints of the generated molecules and the label
molecules.

Exact score and validity: The percentage of generated
molecules that exactly match the label molecules, and the per-
centage of generated strings that are valid.

5.3. Baseline model

To better test the various capabilities of the model, we se-
lected different types of models as comparison baselines, in-
cluding large models, state-of-the-art models from the past,
and popular models. The training and evaluation process for
these models follows the setup where the model takes natu-
ral language descriptions of molecular properties as input and
outputs a molecular representation in SMILES format. The
goal is for the output SMILES to match exactly the target
molecule’s SMILES.

RNN:%' A recurrent neural network with a four-layer
GRU core and a bidirectional encoder.

Transformer: 231 A transformer trained on ChEBI-20,
consisting of six encoder and decoder layers.

T5:132) Models fine-tuned on two T5 public checkpoints:
small and base.

MolT5:'4 The model was built upon a pre-trained T5
model and underwent additional pre-training on a combined
dataset of C4 and ZINC-15 to enhance its knowledge in the

domains of molecules and natural language. It was then fine-
tuned on the ChEBI-20 dataset.

SciBert:33! A pre-trained language model based on
BERT,**! which improves its performance on downstream
scientific natural language processing tasks by undergoing un-
supervised pre-training on a large corpus of scientific publica-
tions.

TGM-DLM:!'!! 1t is an innovative approach that utilizes
diffusion models to overcome the limitations of autoregressive
methods. It updates the token embeddings within SMILES
strings progressively through a two-phase diffusion generation
process.

6. Experimental results
6.1. Performance comparison

Currently, most molecular generation models utilize
SMILES as the molecular representation, and the baseline
models listed in Table 1 are all based on SMILES. There-
fore, the evaluation of the model is divided into two parts: one
part focuses on analyzing the evaluation metrics of TGDD-
SMILES in comparison with the baseline models, while the
other part explores the impact of diverse-expression repre-
sentation on the model’s performance. This dual evaluation
approach allows for a more comprehensive demonstration of
TGDD’s advantages, particularly in terms of enhancing di-
verse representations and generation capabilities.

Table 1. Performance metrics for different models.

Model BLEU 1 Exact 1 Levenshtein | MACCS FTS 1 RDK FTS 1 Validity Morgan FTS 1
TGM-DLM 0.828 0.242 16.897 0.874 0.771 0.789 0.722
RNN? 0.652 0.005 38.090 0.591 0.400 0.542 0.362
Transformer® 0.499 0 57.660 0.480 0.320 0.906 0.217
T5-Small®) 0.741 0.064 27.703 0.704 0.578 0.608 0.525
MolT5-Small9) 0.755 0.079 25.988 0.703 0.568 0.721 0.517
T5-Base®) 0.762 0.069 24.950 0.731 0.605 0.660 0.545
MolT5-Base?) 0.769 0.081 24.458 0.721 0.588 0.772 0.529
SciBert®) 0.459 0.005 24.46 0.721 0.588 0.915 0.529
TGDD-SMILES 0.843 0.139 16.256 0.886 0.793 0.484 0.766

DRef. [6], P Ref. [23], 9Ref. [32], DRef. [14], ©Ref. [33].

As shown in Table 1, TGDD-SMILES has achieved state-
of-the-art performance across multiple evaluation metrics. Al-
though its “Exact” is lower than that of TGM-DLM , it still
far surpasses other baseline models, including large models.
However, its validity is below the average level. Figure 5 vi-
sually presents the output molecules of TGDD-SMILES and
TGM-DLM. Clearly, TGDD demonstrates exceptional poten-
tial in understanding the connection between natural language
and molecular expressions. This means that TGDD can bet-
ter comprehend the molecular information referred to in de-
scriptive texts and construct the target molecules from scratch

based on this natural language information. This capabil-

ity highlights TGDD’s advantages in molecular generation
tasks. However, the incorporation of the SELFIES increases
the model’s requirements for learning the rules of different
molecular representation forms, and there’s still room for im-

provement for TGDD in this aspect.

6.2. Computation cost

The model size and generation speed are important met-
rics for evaluating the performance of generative models. We
selected the three best-performing models from the baseline
models and measured their parameter counts as a basis for as-

sessing model size. At the same time, we compared them with
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the previously best-performing model, TGM-DLM, to evalu-
ate the average time taken to generate a single molecule on the
same device.

Table 2. Comparison of parameters and generation time for different
models.

Model TGM-DLM  MolT5-Base T5-Base TGDD
Parameters 180M 220M 220M 50M
Generation time® 1.2s - - 0.7s

4)The average time it takes to generate a molecule from its description under
the same device conditions.

It is worth noting that Table 2 shows that the number
of parameters for TGDD-SMILES is less than one-third of
that for TGM-DLM, significantly reducing memory consump-
tion. Tests have shown that under the same hardware condi-
tions, TGDD-SMILES generates a molecule in 0.7 s on av-
erage, compared to TGM-DLM'’s average of 1.2 seconds per
molecule, which considerably lowers the time cost.

Description TGM-DLM

The molecule is an L-cysteine thioether G
that is S-(2E,6E)-farnesyl-L-cysteine
bearing a hydroxy substituent on the
pro-Z-methyl group at the 12-position.

It derives from a S-farnesyl-L-cysteine. NH,

The molecule is a glycophytoceramide
having an alpha-D-galactopyranosyl
residue at the O-1 position and a
10-phenyldecanoyl group attached
to the nitrogen. It derives from an
alpha-D-galactose.

The molecule is an epoxide that is

oxirane substituted by a methyl and

a propyl group at positions 2 and 3

respectively. Metabolite observed in

cancer metabolism. It has a role as
a human metabolite.

OH
HO

6.3. Visualization

To visually demonstrate the differences between the out-
puts of TGDD and TGM-DLM and their targets, we visualized
the results of TGDD-SMILES and TGM-DLM to showcase
the models’ strong capabilities in understanding descriptive
texts about molecules.

Figure 5 visually presents the output molecules of TGDD-
SMILES and TGM-DLM. Clearly, TGDD demonstrates ex-
ceptional potential in understanding the connection between
natural language and molecular expressions. This means that
TGDD can better comprehend the molecular information re-
ferred to in descriptive texts and construct the target molecules
from scratch based on this natural language information. This
capability highlights TGDD’s advantages in molecular gener-
ation tasks.

Ours Ground truth

O
OH
)\/\(\\\/\OH w
HO R
HO -
NH, NH, O

Fig. 5. Output molecule visualization comparison.

7. Ablation study

To verify the crucial role of diverse-expression in the
model, we trained the models using only one type of molec-
ular encoding with the same model parameters for TGDD-
SMILES and TGDD-SELFIES (except for the maximum se-
quence length) and then discussed the final results.

In Table 3, a comparison between SMILES-Base and
TGDD-SMILES, as well as between SELFIES-Base and
TGDD-SELFIES, reveals that the integration of diverse
molecular representations enhances the model’s comprehen-
sion of the relationship between natural language descriptions

and molecules. This improvement is evident in the metrics,
including BLEU, MACCS FTS, RDK FTS, and Levenshtein.
However, the additional molecular representation information
inevitably increases the pressure on the model to distinguish
between different representation methods, making the model’s
accuracy less than ideal. Particularly for TGDD-SELFIES, the
model seems to have been influenced by SMILES syntax when
understanding SELFIES syntax, leading to a decline in met-
rics. This aptly explains why the “Exact” metric of TGDD-
SELFIES is not as good as that of SELFIES-base, but still
higher than that of TGDD-SMILES.

Table 3. Comparison of single-molecule expressions and diverse-expression performance.

Model BLEU 1 Exact 1 Levenshtein | MACCS FTS 1 RDK FTS 1 Validity T Morgan FTS 1
SMILES-Base®) 0.809 0.15 18.552 0.877 0.791 0.487 0.759
TGDD-SMILES 0.843 0.139 16.256 0.886 0.793 0.484 0.766
SELFIES-Base® 0.672 0.238 23.297 0.737 0.621 1 0.568
TGDD-SELFIES 0.681 0.156 22.304 0.75 0.637 0.999 0.558
TGDD-DIVERSE 0.74 0.152 20.455 0.793 0.699 0.998 0.606

2 Molecules using only SMILES, ® molecules using only SELFIES.
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As for TGDD-DIVERSE, it seems more like a compro-
mise between TGDD-SMILES and TGDD-SELFIES, com-
bining both validity and natural language affinity.

8. Conclusion

In this paper, we introduce a text-guided diverse-
expression diffusion model (TGDD) for molecule generation.
TGDD jointly learns two molecular representations, SMILES
and SELFIES, using a unified vocabulary to overcome the
This
enables the model to better understand the connection be-

inherent limitations of single-representation models.

tween natural language descriptions and molecular structures.
TGDD’s three prediction modes allow the model to perform
effectively in various scenarios, expanding its applicability.
Experimental results demonstrate that TGDD significantly im-
proves performance across multiple evaluation metrics.

Our research opens new avenues in the field of molecule
generation by demonstrating the benefits of integrating diverse
molecular expressions. Future work will focus on further ex-
panding the range of molecular representations incorporated
into the model, including graph-based structures and three-
dimensional spatial coordinates. Additionally, we aim to ap-
ply TGDD to practical domains such as drug discovery and
materials science, aiding researchers in the rapid generation
of molecules that meet specific requirements and advancing
innovation in related fields.

Program availability

The source code is openly available in the Science Data
Bank at https://www.doi.org/10.57760/sciencedb.21097 and
on Github at https://github.com/YHanJG/TGDD.
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