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ABSTRACT

Molecular generation is a critical task in drug discovery and mate-
rials science, but current approaches often struggle with efficiency
and scalability when dealing with complex molecular structures.
This study addresses these challenges by comparing Transformer
and MAMBA (State Space Model) architectures for molecular gen-
eration using the Sequential Attachment-based Fragment Embed-
ding (SAFE) representation, which offers improved validity and
interpretability over traditional string-based representations. We
evaluate models with approximately 20M and 90M parameters on
MOSES and ZINC datasets, focusing on generation quality and com-
putational efficiency. Our findings suggest that MAMBA models
can achieve performance comparable to Transformers in generat-
ing valid, unique, and diverse molecules, with both architectures
showing high validity (98-100%) and uniqueness (99.9-100%) scores.
MAMBA models consistently demonstrated lower perplexity and
reduced GPU power consumption (up to 30% reduction) compared
to Transformer models. These results indicate that State Space Mod-
els may offer a computationally efficient alternative for molecular
generation tasks, potentially enabling more efficient processing
of larger datasets and complex molecular structures. Our study
contributes to the exploration of architectural approaches in Al-
driven molecular design, highlighting the potential of State Space
Models for accelerating drug discovery processes and materials
development through improved molecular generation capabilities.
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1 INTRODUCTION

The application of artificial intelligence (AI) to molecular design and
drug discovery has emerged as a promising approach to accelerate
the identification of novel therapeutic compounds [33]. This inter-
section of Al and chemistry builds upon the remarkable success
of sequence modeling techniques in natural language processing
(NLP), where models have demonstrated an unprecedented ability
to understand and generate human-like text [4]. The parallels be-
tween language and molecular structures have inspired researchers
to adapt and apply these powerful sequence modeling techniques
to the complex task of molecular generation.

Sequence modeling, at its core, involves learning patterns and
dependencies within ordered data. In NLP, this has led to break-
throughs in machine translation, text summarization, and even
creative writing [38]. Similarly, in the realm of biology and chem-
istry, molecules can be viewed as sequences of atoms and bonds,
analogous to words and grammar in language. This conceptual
bridge has opened up new avenues for applying advanced Al tech-
niques to molecular sciences.

Recent advancements in deep learning architectures, particu-
larly the Transformer model [38], have shown remarkable success
not only in NLP tasks but also in molecular generation [11]. The
Transformer’s attention mechanism, which allows the model to

weigh the importance of different parts of the input sequence dy-
namically, has proven especially effective in capturing long-range
dependencies in both text and molecular structures.

Concurrently, the development of novel molecular represen-
tations, such as the Sequential Attachment-based Fragment Em-
bedding (SAFE) [26], has improved the bridge between chemical
structures and machine-readable formats. SAFE offers potential ad-
vantages over traditional string-based representations like SMILES
[40] or SELFIES [22] in capturing chemical information and en-
suring high validity rates in generated structures. This evolution
in molecular representation mirrors similar advancements in NLP,
where more sophisticated word and sentence embeddings have
enhanced model performance [7].

Despite the success of Transformer-based models, their qua-
dratic computational complexity with respect to sequence length
poses challenges for scaling to larger datasets or more complex
molecules. This limitation has motivated research into alternative
architectures, such as State Space Models (SSMs), which offer linear
time complexity [13]. SSMs, inspired by control theory and dynam-
ical systems, provide a different approach to capturing sequential
dependencies. The MAMBA architecture, a recent innovation in
SSMs, has shown promising results in language modeling tasks,
but its efficacy in molecular generation remains to be thoroughly
investigated.

The application of these advanced sequence modeling techniques
to molecular generation is not merely an academic exercise. It has
profound implications for drug discovery and materials science.
Traditional drug discovery processes are often time-consuming and
costly, with high failure rates [28]. Al-driven approaches offer the
potential to significantly accelerate this process by efficiently ex-
ploring vast chemical spaces and identifying promising candidates
for further investigation. Moreover, the ability to generate novel
molecular structures could lead to the discovery of entirely new
classes of drugs or materials with unprecedented properties.

Given these developments, our study addresses two critical ques-
tions:

(1) How do State Space Models compare to Transformer-based

architectures in generating valid, unique, and diverse molecules

using the SAFE representation?

(2) Can the efficiency of the MAMBA architecture provide ad-
vantages in terms of computational resources and training
time when applied to larger datasets and model sizes in
molecular generation tasks?

To address these questions, we present a comparative study of
Transformer-based models (SAFE-GPT) and State Space Models
(MAMBA) for molecular generation using the SAFE representation.
We implement both small (approximately 20 million parameters)
and large (approximately 90 million parameters) versions of these
models, ensuring a fair comparison of their capabilities across dif-
ferent scales. This approach allows us to assess not only the per-
formance characteristics but also the practical applicability of each
model in the context of molecular generation tasks.

Our evaluation methodology is designed to provide a compre-
hensive assessment of the models’ performance and efficiency. We



assess model performance using established metrics such as valid- The introduction of the Transformer architecture by Vaswani
ity, unigueness, and diversity of generated molecules. To compare et al [38]in 2017 revolutionized sequence modeling in NLP. The
the models' ability to capture the underlying distribution of molec-  Transformer's self-attention mechanism allowed for parallel pro-
ular structures, we analyze perplexity scores on held-out test sets. cessing of input sequences and more e ective modeling of long-
We also examine the distribution of various molecular properties range dependencies. This innovation led to the development of
(e.g., molecular weight, LogP, TPSA) in the generated compounds, powerful language models such as BERT4nd GPT #], which
comparing them to the training datasets. Additionally, we mea- have achieved state-of-the-art results across a wide range of NLP
sure computational e ciency in terms of GPU power consumption  tasks.

and training time to evaluate the practical implications of each The success of Transformer-based models in NLP has inspired
architecture. researchers to adapt these architectures to other domains, includ-
Our study makes several key contributions: ing molecular generation. The ability of these models to capture

(1) We provide a comprehensive comparison of Transformer complex patterns and relationships in sequential data makes them
and MAMBA architectures for molecular generation using particularly well-suited for tasks involving the generation and anal-
the SAFE representation across di erent model sizes. ysis of molecular structures.

(2) We evaluate the potential of State Space Models as an al-
ternative to Transformers for capturing complex structural 2.2 Applications of Sequence Modeling in
information in molecular generation tasks. Biology

(3) We assess the computational e ciency advantages of MAMBA-rpe 4qnjication of sequence modeling techniques to biological data
based models, exploring their potential for processing larger o4 opened up new avenues for understanding and manipulating
molecular datasets and more complex structures. genetic and molecular information. In genomics, sequence mod-

(4) We o erinsightsinto the trade-o s_between model a_lrchlteg- els have been used for tasks such as gene predictiprpfotein
ture, performance, and computational resources, informing  ¢nction prediction [31], and the analysis of genetic variants [43].
future research directions in Al-driven molecular design. One particularly notable application is in the eld of protein

The remainder of this paper is organized as follows: Section 2 structure prediction. The AlphaFold system, developed by Jumper
provides background on molecular representations and the model et al [21], uses deep learning techniques, including attention mech-
architectures used in our study, placing them in the broader context anisms inspired by Transformers, to predict protein structures
of sequence modeling advancements. Section 3 details our method-with unprecedented accuracy. This breakthrough demonstrates

ology, including dataset preparation, model implementations, and  the power of adapting sequence modeling techniques from NLP to
evaluation metrics. Section 4 presents our results, followed by a complex biological problems.

discussion of their implications in Section 5. We conclude in Sec-  In the realm of drug discovery, sequence models have been ap-
tion 6 with a summary of our ndings and suggestions for future  plied to various tasks, including predicting drug-target interactions
research directions. [27] and generating molecular ngerprints for virtual screening

By bridging the gap between cutting-edge sequence modeling [1§. These applications highlight the versatility of sequence mod-
techniques and molecular generation, our work contributes to the  eling techniques in capturing and generating complex biological
ongoing e orts to accelerate drug discovery and materials science and chemical information.
through Al-driven approaches. The insights gained from this study
have the potential to inform more e cient and e ective strategies 2.3  Molecular Generation and Representation
for exploring chemical spaces, ultimately accelerating the pace of

. N - The application of sequence models to molecular generation has
innovation in these critical elds.

demonstrated concrete advancements in computational drug dis-

2 BACKGROUND AND RELATED WORK covery, as evidenced by several key studies. Gomez-Bombarelli
et al [10] successfully employed recurrent neural networks to gen-

The application of sequence models to molecular generation rep- erate novel, drug-like molecules, achieving a 35% improvement in
resents a convergence of advancements in natural language pro- gesired molecular property optimization compared to traditional
cessing (NLP), deep learning, and cheminformatics. This section ;i tyal screening methods. Similarly, Jin et. 419] developed a
provides a comprehensive overview of the evolution of sequence graph-to-graph translation model for targeted molecular optimiza-
modeling techniques, their applications in NLP and biology, and  tjon, reporting a remarkable 80% success rate in improving speci ¢
their adaptation to the speci ¢ challenges of molecular generation. glecular properties while maintaining structural similarity.

. L More recently, Stokes et a[36] utilized a deep learning ap-
2.1 Evolution of Sequence Modeling in NLP proach to discover a novel antibiotic, halicin, capable of killing a
Sequence modeling has been a cornerstone of natural languagewide range of bacteria, including some antibiotic-resistant strains.
processing for decades, with early approaches relying on statistical This breakthrough, facilitated by sequence modeling techniques,
methods such as n-gram models and hidden Markov models [ exempli es the tangible impact of these methods on drug discovery.
]. The advent of neural networks, particularly recurrent neural  Furthermore, Zhavoronkov et a[42] demonstrated the practical
networks (RNNs) and long short-term memory (LSTM) networks, application of generative models in designing novel DDR1 kinase
marked a signi cant leap forward in the eld's ability to capture inhibitors, reducing the time from target identi cation to lead com-
long-range dependencies in text [16]. pounds from years to mere weeks.



These empirical results underscore the signi cant promise of
sequence models in advancing computational drug discovery, not
justin theory but in practice. By enabling rapid exploration of vast
chemical spaces and optimization of molecular properties, these
techniques are accelerating the drug discovery process and opening
new avenues for addressing complex therapeutic challenges.

2.4 Evolution of Molecular Representations

The representation of molecules in a format amenable to machine .
. . . ; . for a complex molecule. The SAFE representation (left)
learning algorithms is a cornerstone of computational drug discov- L
. . breaks down the molecule into interconnected fragments,
ery and materials science. Over the years, several approaches have

- while the SMILES representation (right) encodes it as a linear
been developed to encode molecular structures e ectively, each _ . .
o L string. Adapted from Noutahi et al. [26].
with its own strengths and limitations.

Figure 1: Comparison of SAFE and SMILES representations

2.4.1 SMILEShe Simpli ed Molecular-Input Line-Entry System
(SMILES), introduced by Weiningét0], has been widely used for
encoding molecular structures as linear strings of ASCII characters.
SMILES o ers simplicity and human-readability, making it a pop-
ular choice for many applications. For instance, Segler ef3]
utilized SMILES representations in their retrosynthesis prediction
model, achieving a top-1 accuracy of 45.3% on a large dataset of
50,000 reactions, demonstrating the practical utility of this repre-
sentation.

However, SMILES has limitations, particularly in terms of robust-
ness. Krenn et a[22] quanti ed this issue, showing that random
mutations in SMILES strings resulted in valid molecules only 7.2%
of the time, highlighting the need for more robust representations
in generative tasks.

SMILES in terms of validity, uniqueness, and novelty of generated
molecules. Speci cally, their experiments showed that SAFE-based
models achieved up to 98.9% validity in generated molecules, com-
pared to 94.7% for SMILES-based models, while maintaining higher
diversity and novelty scores.

These advancements in molecular representations have signi -
cantly enhanced our ability to apply machine learning techniques
to molecular design and optimization tasks. By providing more ro-
bust and interpretable encodings, representations like SELFIES and
SAFE have expanded the possibilities for Al-driven drug discovery
and materials science, as evidenced by their improved performance
in generative tasks and their potential for more intuitive molecular
manipulation.

2.4.2 SELFIE®o address limitations of SMILES, Krenn et 2]

introduced SELFIES (Self-Referencing Embedded Strings) in 20202.5  Architectural Paradigms in Sequence

SELFIES employs a robust encoding scheme that guarantees the Modeling

generation of valid molecules, even when arbitrary mutations are
applied to the string. This property is particularly valuable in the
context of generative models and evolutionary algorithms. In their
study, Krenn et al. demonstrated SELFIES' robustness by showing
that 100% of molecules generated using this representation were

chemically valid, compared to only 7.2% for SMILES under similar 25 1 Transformer Architectufée Transformer architecture, in-
conditions. troduced by Vaswani et a[38]in 2017, has become widely adopted

2.4.3 SAFBuilding upon these developments, the Sequential in NLP tasks. Its impact is evident in models like BERT [7], which

Attachment-based Fragment Embedding (SAFE) representation was 2chieved state-of-the-art results on 11 NLP tasks, and GPA[;3 [
introduced by Noutahi et al[26]in 2023. SAFE addresses limita- which demonstrated impressive few-shot learning capabilities across

tions of both SMILES and SELFIES by representing molecules as anV&/10us language tasks. o . .
The core of the Transformer is its self-attention mechanism,

unordered sequence of interconnected fragment blocks, o ering - )
advantages in interpretability and generative capabilities. de ned mathematically as:
Figure 1 illustrates the di erence between SAFE and SMILES |

Recent years have withessed signi cant advancements in sequence
modeling architectures, particularly in the domains of Natural Lan-
guage Processing (NLP). Two prominent paradigms have emerged:
Transformer models and State Space Models (SSMs).

representations for a complex molecule. In the SAFE representation, ) & ) '

the molecule is decomposed into distinct fragments (numbered cir- Attention?&s «+© = softmax L + (1)
cles), with connections between fragments indicated by lines. This :

approach allows for a more intuitive understanding of the molecu- where&, ,and+ are query, key, and value matrices respectively,

lar structure and facilitates easier manipulation in generative tasks. and3. is the dimension of the key vectors.
In contrast, the SMILES representation encodes the same molecule  While Transformers have shown remarkable performance, their
as a linear string, which, while compact, can be less intuitive and computational complexity is quadratic with respect to sequence
more challenging to manipulate without introducing errors. length. Speci cally, the self-attention mechanism has a time and

The SAFE representation has shown promising results in molec- memory complexity ofs 1=23°, where= is the sequence length and
ular generation tasks. Noutahi et.gR26] demonstrated that models 3 is the hidden dimension37]. This poses challenges for scaling to
trained on SAFE representations outperformed those trained on longer sequences or larger datasets.

3



2.5.3 Mamba Architectur€he Mamba architecture represents a
signi cant advancement in the eld of sequence modeling, building
upon the foundations of structured state space models (SSMs) while
introducing novel elements to enhance performance and e ciency.
Atits core, Mamba incorporates a selective state space model, which
addresses key limitations of previous SSM implementations.

The fundamental innovation in Mamba lies in its selection mech-
anism, which allows the model to dynamically focus on or ignore
speci ¢ inputs based on their content. This mechanism is imple-
mented by making several parameters of the SSM, namely, and

, functions of the input. Mathematically, this can be expressed as:

(IBLN  B!@
(1BLN B1@ 4)
:1BLD g Parameter, B :3°

Here,B 1@, B @, andB @ are learnable functions that trans-
form the inputG allowing the model to adapt its behavior based
on the content of the sequence. The functign is typically chosen
to be the softplus function, which ensures thatremains positive.

This selection mechanism enables Mamba to overcome the limi-
tations of linear time-invariant (LTI) models, which struggle with
tasks requiring content-aware processing, such as selective copy-
ing or induction heads. The ability to selectively focus on relevant
information allows Mamba to compress context into a smaller state
more e ectively, balancing the trade-o between e ciency and
expressiveness.

To implement this selective mechanism e ciently, Mamba em-
ploys a hardware-aware algorithm that leverages the memory hi-
erarchy of modern GPUs. This algorithm uses kernel fusion to
combine the discretization step, the parallel scan operation, and
the multiplication with into a single operation. This approach
signi cantly reduces memory bandwidth requirements, leading to
substantial speedups compared to naive implementations.

The Mamba block, which forms the basic unit of computation
in the architecture, can be described by the following series of
operations:

Figure 2: Detailed structure of a Transformer architecture,
showing the encoder (left) and decoder (right) blocks along
with their composing parts. Adapted from Vaswanietal .[38].

2.5.2 State Space Models (SSBisite Space Models o er an alter-
native approach to sequence modeling by representing sequences as

continuous-time dynamical systems. The general form of a discrete- e s =Llineal® (5)
ime linear SSM is: .
time linear SSMis = SelectiveScadn ¢ * «G° (6)
~ = Lineart ° )
G 1=6G., D (2
-~ =G. D. ®) Here, theSelectiveScaaperation is the core component that en-
: o ables e cient state updates, incorporating the selective mechanism
whereG is the hidden stateD is the input,~. is the output, that gives Mamba its unique capabilities.
and , , ,and are learnable parameters. The overall Mamba architecture simpli es previous SSM architec-

Several SSM variants have been proposed, each with distinct tures by combining the SSM block with the ubiquitous multi-layer
characteristics. The S4 moddl4 achieved linear time complex-  perceptron (MLP) block found in modern neural networks. Instead
ity and showed strong performance on long-range arena tasks, of interleaving these two blocks, Mamba repeats a uni ed block
outperforming Transformers on 4 out of 5 tasks with sequences homogeneously throughout the network. This uni ed block ex-
of length 1,000-16,000. The H3 modgliptroduced a hybrid ap- pands the model dimension by a controllable expansion factor,
proach combining SSMs with hyperbolic spaces, demonstrating typically set to 2.
improved performance on language modeling tasks. Most recently, =~ Compared to the H3 block, which forms the basis of many SSM
the MAMBA architecture L3 incorporated selective computation  architectures, Mamba replaces the rst multiplicative gate with an
and showed competitive performance with Transformers while activation function. In contrast to the standard MLP block, Mamba
using less computation. adds an SSM to the main branch. The activation functfonsed in



Figure 3: Detailed structure of a Mamba block, showing the
ow of data through various components including the Se-
lective SSM. Adapted from Grootendorst [12].

Figure 4: The Mamba block design combines the H3 block,
which is the basis of most SSM architectures, with the ubiqui-
tous MLP block of modern neural networks. For  f, the SiLU/
Swish activation is used. Adapted from Gu and Dao [13].

the Mamba block is the SiLU (Sigmoid Linear Unit) or Swish func-
tion, which has shown promising results in various deep learning
applications [15, 30].

The Mamba architecture's design choices result in a model that is
not only more e cient in terms of computational resources but also

more e ective at capturing long-range dependencies in sequences.

By leveraging the selective mechanism and the simpli ed block
structure, Mamba can process longer sequences more e ciently
than traditional Transformer models, while maintaining or even
improving upon their performance across various tasks.

Figure 5: Comparison of Mamba, RNN/S4, and Transformer
architectures in terms of their e ectiveness at compressing
data selectively based on state size. Adapted from Grooten-
dorst [12].

Figure 5 provides a visual comparison of the Mamba architecture
with RNN/S4 (major compression) and Transformer (no compres-
sion) architectures in terms of their e ectiveness at compressing
data selectively based on state size. As the image illustrates, Mamba
strikes a balance between the two extremes, being more powerful
and e cient than RNN/S4 for small state sizes while remaining
more e cient than Transformers for large state sized . This
comparison highlights a key strength of the Mamba architecture:
its ability to e ciently compress and process sequential data in a
content-aware manner. By selectively focusing on or ignoring spe-
ci ¢ inputs based on their content, Mamba can e ectively balance
the trade-o between model capacity and computational e ciency,
enabling it to handle longer sequences and more complex tasks
than traditional architectures.

2.6 Challenges in Molecular Generation

Despite advancements in molecular representations and sequence
modeling architectures, several challenges persist in Al-driven
molecular design. Balancing validity, diversity, and novelty in gen-
erated molecules remains complex, often requiring careful tuning
of generation parameter2d. Ensuring that generated molecules
possess drug-like properties and are synthetically accessible is cru-
cial for practical applications in drug discovery, as demonstrated
by Brown et al [3] in their benchmark suite for de novo molecular
design.

Beyond de novo generation, sequence modeling architectures
show promise in other aspects of molecular design. For example, Jin
et al [20] demonstrated the use of a hierarchical encoder-decoder
model for targeted molecule optimization, achieving a 30% improve-
ment over previous methods in nding molecules with desired
properties while maintaining structural similarity. Similarly, Mo
et al. [25] applied transformer-based models to predict reaction
outcomes and retrosynthetic pathways, potentially aiding in the
design of synthetically accessible molecules.

As researchers aim to explore larger chemical spaces and gen-
erate more complex molecules, computational e ciency becomes
increasingly important. Gémez-Bombarelli et 0] highlighted
this challenge, noting that the vast size of chemical space (estimated
at10°%drug-like molecules) necessitates highly e cient exploration
strategies. The interpretability of Al-generated molecules and the
ability to guide generation towards desired properties are ongoing
areas of research that continue to drive innovation in the eld9.



3 METHODOLOGY
Our study aims to evaluate the e cacy of autoregressive sequence

models in molecular generation tasks. Autoregressive models have

shown promising results in various sequence modeling tasks, includ-
ing natural language processing and, more recently, in the domain
of cheminformatics §, 26 3§. In this work, we focus on comparing

aim to provide an evaluation of our autoregressive sequence models
across varying levels of molecular diversity and complexity.

3.2 Model Architectures and Training Procedure

Our comparative study implemented ve distinct models across
three architectures: Transformer-based (SAFE-Small and SAFE-

Transformer-based models, State Space Models (SSMs), and hybrid_arge), State Space Models (MAMBA-Small and MAMBA-Large),
architectures, allimplemented as autoregressive sequence modelsand a hybrid architecture (MAMBA-Small-Hybrid). These mod-

for molecular generation.

3.1 Dataset Preparation

els were designed to investigate both small (approximately 20M
parameters) and large (approximately 90M parameters) variants.
The SAFE-GPT models, as described by Noutahi §26], served

To ensure a comprehensive analysis, we utilized two distinct datasets: as our Transformer-based architectures. The MAMBA models were
the Molecular Sets (MOSES) dataset and a canonicalized subset oPased on the architecture proposed by Gu and P8} and adapted
the ZINC database. The MOSES dataset, comprising approximately from their original codebase The MAMBA-Small-Hybrid model

1.6 million drug-like molecules, serves as our primary benchmark.
Curated by Polykovskiy et a[29], MOSES o ers a representation
of the chemical space relevant to drug discovery, with compounds

selected based on speci ¢ physicochemical properties and synthetic

accessibility criteria.

To complement MOSES and assess the scalability of our ndings,
we incorporated a larger dataset derived from ZINC33[ Speci -
cally, we used a canonicalized subset of 23 million molecules from
ZINCL. This expanded dataset allows us to investigate whether the
trends observed with MOSES persist when applied to a larger and
more diverse chemical space.

For both datasets, we implemented an identical preprocessing
pipeline. We transformed the original SMILES strings into the SAFE

incorporated attention layers at indices 2 and 5 within its 6-layer
structure, combining elements of both Transformer and SSM archi-
tectures.

Our implementation strategy prioritized alignment with the
SAFE framework, carefully emulating the training process outlined
in the SAFE librar§. We made only necessary architectural ad-
justments while keeping all other aspects of the pipeline constant.
This approach ensured that our comparison focused on architec-
tural di erences, isolating their impact on molecular generation
performance.

We implemented a training protocol consistent across all model
architectures, with speci ¢ adjustments made for the larger models
to account for their increased capacity. All models were trained on

(Sequentia| Attachment-based Fragment Embeddmg) representa-NVlDlA A100 GPUs. The small models were trained for a full 10

tion using the SAFE librar. Introduced by Noutahi et a[26], SAFE

epochs, while the large models were trained for a xed number

represents molecules as an unordered sequence of interconnected©f 250,000 steps, corresponding to approximately 2.4 epochs on
fragment blocks. The SAFE encoding process involves extracting our dataset. For all models, we implemented interleaved valida-

unique ring digits from the SMILES string, fragmenting the mole-
cule using methods such as BRIG korting fragments by size,
concatenating fragment SMILES strings, and replacing attachment
points with new ring digits.

For tokenization, we employed the pre-trained byte-pair encod-
ing (BPE) tokenizer from the SAFE-GPT motdlhis tokenizer,
trained on 1.1 billion moleculéso ers a vocabulary size of 1,880 to-
kens. The use of this pre-trained tokenizer ensures consistency with
the original SAFE-GPT implementation and leverages knowledge
embedded in a larger chemical space [26].

For MOSES, we maintained the original train-validation split to
ensure comparability with previous studie2y. The ZINC sub-
set was randomly split into training (90%) and validation (10%)
sets. This approach allows us to evaluate our models on held-out
molecules not seen during training, providing an assessment of
generalization capabilities.

tion throughout the training process to monitor performance and
prevent over tting.

Throughout the training process, we monitored GPU power con-
sumption and utilization using Wandb, allowing us to compare the
e ciency of each model architecture in terms of energy consump-
tion and hardware utilization.

Detailed model architecture parameters and training hyperpa-
rameters can be found in Appendix B.

3.3 Molecule Generation and Evaluation

For molecule generation, we employed nucleus sampling as de-
scribed by Holtzman et a[17]. For SAFE models, we maintained
the default Hugging Face decoding parameters: a temperature of
1.0, top-p of 1.0, and top-k of 50. The MAMBA models used identi-
cal parameters, except for top-p, which was adjusted to 0.9. This
adjustment proved crucial for maintaining high validity rates in

The nal preprocessed datasets consisted of the MOSES datasetMAMBA-generated molecules, a point we will elaborate on in the

with approximately 1.6 million SAFE-encoded molecules (split into
training and validation sets) and the ZINC subset with 23 million
SAFE-encoded molecules (20.7 million for training, 2.3 million for
validation). By utilizing these two datasets of di erent scales, we

Lhttps://huggingface.co/datasets/sagawa/ZINC-canonicalized
2https://safe-docs.datamol.io/stable/
Shttps://huggingface.co/datamol-io/safe-gpt
“https://huggingface.co/datasets/datamol-io/safe-gpt

results section. We generated 10,000 molecules for each model in a
single batch, ensuring a consistent generation strategy across all
architectures for fair comparison.

Our evaluation framework encompassed both quantitative mea-
sures and qualitative analyses, building upon established metrics in

Shitps://github.com/state-spaces/mamba
Shttps://github.com/datamol-io/safe



the eld of molecular generation29. We assessed validity, unique-  but still excellent validity at 0.98. Uniqueness was consistently high
ness, and diversity of the generated molecules. Validity, calculated across all models, with large models achieving perfect uniqueness
using RDKit 3, ensures that generated structures adhere to basic (1.000) and small models reaching near-perfect uniqueness (0.999).

chemical rules. Uniqueness assesses the model's ability to generate  The diversity scores were comparable across our models, with

distinct molecular structures. Diversity, quanti ed using the aver-
age pairwise Tanimoto distance between molecules based on their
ECFP4 ngerprint representations3p], measures the structural
variety within the generated set.

The diversity of generated molecules was quanti ed using the
following equation:

. 66
#H

Diversity = 1

11 ) kg
81981

where# is the number of molecules; gand< g are molecules,
and) i< g<d is the Tanimoto similarity between their ECFP4
ngerprints.

To gauge how well the models captured the characteristics of
drug-like molecules, we compared the distributions of key physic-
ochemical properties between the generated molecules and the
training set. These properties, crucial in drug discovery as outlined
by Lipinski [24] and Veber et al[39], include molecular weight,
LogP, topological polar surface area (TPSA), number of rotatable
bonds, hydrogen bond acceptors and donors, and aromatic rings.
These properties play vital roles in determining a compound's drug-
likeness.

In addition to these molecular metrics, we conducted a thorough
assessment of computational resource utilization. We monitored
GPU power consumption and utilization throughout the training
process using Wandb. This allowed us to compare the e ciency
of each model architecture in terms of energy consumption, hard-
ware utilization, and overall training time providing insights into
their scalability and potential for handling larger datasets or more
complex molecular structures.

By employing this comprehensive evaluation framework, we
aim to provide a thorough analysis of the generated molecules'
quality and diversity, their relevance to drug discovery, as well as
the computational e ciency of the di erent model architectures.
This approach allows us to assess not only the performance char-
acteristics but also the practical applicability of each model in the
context of molecular generation tasks.

4 RESULTS
This section presents the ndings from our comparative analysis of

®

Safe_Large achieving the highest score of 0.880, followed closely by
Mamba_Large at 0.873. The small models showed slightly lower but
still competitive diversity scores: Safe_Small at 0.864, Mamba_Small-
_Hybrid at 0.862, and Mamba_Small at 0.860.

Notably, for all Mamba models, we found it necessary to adjust
the top-p parameter to 0.90 to achieve these results. When top-p
was set to 1.0 for the Mamba models, they tended to generate invalid
SAFE representations, leading to frequent decoding errors.

4.2 Perplexity Analysis

Figures 6 and 7 illustrate the perplexity of each model over the
course of training epochs for small and large models, respectively,
as measured on a held-out test set at intervals throughout training.

For the small models (approximately 20M parameters), both
Mamba_Small and Mamba_Small_Hybrid exhibited consistently
lower perplexity throughout the training process, converging to
values around 1.4. In contrast, the Safe_Small model's perplexity
remained higher, settling around 1.5.

The large models (Safe_Large with 87M parameters and Mamba_Large

with 94M parameters) showed a similar trend, with Mamba_Large
achieving noticeably lower perplexity than Safe_Large throughout
the training process. The gap in perplexity between Mamba_Large
and Safe_Large appears to be even more pronounced than in the
small models.

4.3 Molecular Property Distributions

To assess how well our models captured the characteristics of drug-
like molecules, we analyzed the distribution of various molecu-
lar properties for the generated compounds, following established
evaluation approaches3[29. For small models, we compared the
distributions to the MOSES training dataset, while for large models,
we compared them to the ZINC dataset. Figures 8 and 9 show the
distributions of key molecular properties for small and large models,
respectively.

For both small (Figure 8) and large (Figure 9) models, the dis-
tributions of molecular properties for generated molecules closely
matched those of their respective training datasets (MOSES for
small models, ZINC for large models). This trend was consistent
across all evaluated properties, indicating that our models, regard-

Transformer-based (SAFE) and State Space Model (Mamba) architectess of their underlying architecture or size, successfully captured

tures for molecular generation using the SAFE representation. We
report on model performance metrics, perplexity analysis, molecu-
lar property distributions, and computational e ciency for both
small ( 20M parameters) and large 90M parameters) models.

4.1 Model Performance Metrics

Table 1 summarizes the key performance metrics for our models,
alongside previously reported results for other molecular genera-
tion approaches [29].

All models in our study achieved high validity scores, with

the distribution of physicochemical properties present in their train-
ing data.

Notably, the Mamba model distributions closely align with those
of the SAFE models for both small and large variants. This sug-
gests that the State Space Model architecture can capture the same
molecular property characteristics as the Transformer-based model
when trained on the same dataset. However, it's important to note
that there are some slight di erences in the distributions between
SAFE and Mamba models, particularly for the large models. These
di erences can be largely attributed to the di erent top-p parameter

Mamba_Large, Safe_Small, Mamba_Small_Hybrid, and Mamba_Smaised for the Mamba models (0.90) compared to the SAFE models

reaching perfect validity (1.000). Safe_Large showed slightly lower
7

(1.0).



Table 1: Performance comparison of molecular generation models

Model Valid@10K Unique@10K Diversity"
Safe_Large (87M) 0.98 1 0.880
Mamba_Large (94M) 1 1 0.873
Safe_Small (21M) 1 0.999 0.864
Mamba_Small_Hybrid (20M) 1 0.999 0.862
Mamba_Small (20M) 1 0.999 0.860
" GSELFIES-GPT20M 1 0999 0.887
GSELFIES-VAE 1 0.999 0.859
GMT-SELFIES 1 1 0.870
SELFIES-VAE 1 0.999 0.858
CharRNN 0.975 0.999 0.856
VAE 0.977 0.998 0.856
LatentGAN 0.897 0.997 0.857
LigGPT 0.900 0.999 0.871
JT-VAE 1 0.999 0.855
I\F/IlgrL:]rt?a_%m;ﬁg)glei;l);m%\gfsgglcl)_c:;brifc(i)rmosdaeflzBsnntfs”t‘ Figure 7: Perplexity over epochs for Safe_Large and
set Mamba_Large models on test set
(a) Aromatic Rings (b) H-Bond Acceptors (c) H-Bond Donors (d) LogP
(e) Molecular Weight (f) QED (g) Rotatable Bonds (h) TPSA

Figure 8: Distributions of molecular properties for small models compared to MOSES dataset

We analyzed a comprehensive set of molecular properties, in- Acceptors (HBA) and Donors (HBDJ], Number of Aromatic Rings,
cluding Molecular Weight, LogP4[1], Topological Polar Surface  and Quantitative Estimate of Drug-likeness (QELR).[The con-
Area (TPSA) 8], Number of Rotatable Bond8§, Hydrogen Bond sistent trends across these properties further support our ndings
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