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Natural products are an important source of medicines, yet their discovery can be a slow and laborious

process. The recent development of chemical language models (CLMs), which process string-based

molecular representations, is reshaping the field of natural product science. This review provides an

overview of the role of CLMs in natural product drug discovery, tracing their evolution from early neural

networks to modern large-scale Transformers. We describe how these models accelerate discovery

timelines by predicting bioactivity, biosynthetic pathways, and spectral data. Furthermore, we cover their

use in proposing novel, natural-product-like scaffolds that expand the computationally explored

chemical space. The review also addresses persistent challenges, including the limited availability of

natural product data and the need for model interpretability. Finally, we discuss future directions,

outlining the current status and prospects for CLM-enabled natural product science.
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1 Introduction

Natural products, owing to their unique diversity of chemical
architectures and distinctive biological activities, have long
underpinned medicinal and agrochemical discovery as one of
the most important sources for screening. Indeed, among the
small-molecule drugs approved between 1981 and 2019, 32%
are natural products or their derivatives, and when restricted to
anti-infectives, the proportion exceeds one half.1 Many break-
through therapeutics, exemplied by penicillins, originate from
natural products that bear complex ring systems and numerous
stereocenters, which are difficult to access by synthetic chem-
istry. Such distinctive architectures continue to serve as fertile
sources of novel drug seeds.2 However, conventional natural
Nat. Prod. Rep.
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product discovery still faces many challenges. The sequential
processes from microbial isolation and cultivation, isolation of
bioactive compounds, to complex structure determination
require considerable time and effort.3 Consequently, there is
a growing need for new technologies that can reshape tradi-
tional approaches in natural products chemistry, efficiently
explore uncharted chemical space, and accelerate the drug
discovery pipeline.
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As a promising response to these challenges, machine
learning (ML) and deep learning (DL) have recently come to the
fore and are transforming pharmaceutical research. While
traditionally experts would select molecular descriptors and
analyze their relationships with activity, deep learning has
enabled the automatic discovery of features important for
activity directly from molecular structure data itself. Among
these methods, chemical language models (CLMs), which treat
molecular structures as a form of language and apply tech-
niques from natural language processing (NLP), open new
avenues for exploring chemical space. CLMs learn from one-
dimensional molecular representations such as SMILES
strings by interpreting them analogously to sentences
composed of tokens. In doing so, they can infer the grammar of
chemistry (rules governing atomic connectivity) and the context
(properties arising from combinations of functional groups)
directly from data, and they are capable of predicting biological
activities and physicochemical properties with high accuracy.4

Architecturally, CLMs have evolved from early sequence models
such as recurrent neural networks (RNNs)5 to Transformers
equipped with self-attention mechanisms that capture global
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context.6 This has led to the construction of foundation models7

that have learned chemical knowledge from large-scale known
compound datasets. They can achieve high performance on
specic chemical tasks through ne-tuning that adapts the
model to particular downstream tasks.

In this review, we focus specically on language models
among the many AI techniques and provide a comprehensive
overview from their theoretical underpinnings to applications
in natural product discovery. Whereas existing reviews of AI in
natural products research oen survey AI/ML methods broadly
covering QSAR, docking, virtual screening, omics integration,
and synthetic-biology workows and tend to treat language
models as just one among many tools, our article is differenti-
ated by making language models the central theme. We provide
an in-depth technical exploration of their principles, architec-
tures, molecular representations, and tokenization methods,
while systematically discussing language models' applications
specically tailored to natural products. Specically, we rst
explain how language models operate and how CLMs learn
molecular structures to function as predictors of biological
activity, target proteins, and ADMET properties. We then
synthesize cross-disciplinary applications, including predicting
the structures and functions of compounds produced from
biosynthetic gene cluster (BGC) sequences and annotating
structures directly from spectral data such as mass spectrom-
etry (MS) and nuclear magnetic resonance (NMR). In parallel,
we discuss the potential of CLMs as generative models for de
novo compound design, assessing both their strengths and
limitations. Finally, we highlight practical challenges, including
the quantity and quality of available natural product datasets
and the interpretability of model predictions. Through these
Fig. 1 Overview of how CLMs interface with natural product
discovery. (A) Genome- and metabolome-based prioritization, in
which CLMs take biosynthetic gene cluster sequences and/or MS-
based profiles as input to suggest plausible metabolite structures. (B)
Structure elucidation from spectral data, where CLMs map MS/MS or
NMR spectra to candidate molecular structures that can be validated
experimentally. (C) Activity and property prediction, with CLMs
encoding natural product structures alone or jointly with protein
sequences to predict bioactivity, target profiles, and ADMET-relevant
properties. (D) De novo design and optimization, where CLMs
generate novel, natural-product-like molecules conditioned on
desired properties and iteratively refine them under multi-objective
constraints.

This journal is © The Royal Society of Chemistry 2026
analyses, we outline future directions to guide the next gener-
ation of natural products science empowered by AI.

Fig. 1 provides a visual overview of how CLMs integrate into
the natural product discovery pipeline across various stages.
These applications, detailed in subsequent sections, demon-
strate how CLMs accelerate each stage of the discovery process
while maintaining the chemical validity essential for natural
product research.
2 Fundamentals of chemical
language models

To understand how CLMs operate, it is rst necessary to grasp
the evolution of languagemodels and their position within deep
learning. Language models originally developed as a core
technology in NLP, aiming to describe sequences of words or
sentences probabilistically and to predict the next word or
sentence.8 Early language models were based on n-grams and
related statistical techniques, leveraging word co-occurrence
frequencies to capture sentence structure; however, they strug-
gled to model long-range contextual dependencies in extended
texts.9 From the mid-2000s onward, neural language models
emerged, and distributed word representations such as
word2vec10 and GloVe11 became widespread, embedding
semantic distances between words into low-dimensional vector
spaces.8,12

With the advancement of deep learning, language model
architectures have improved their accuracy by incorporating
structures suitable for sequential data, including recurrent
neural networks (RNNs),12 long short-term memory (LSTM),13,14

and gated recurrent units (GRUs).15,16 However, these architec-
tures still suffered from vanishing/exploding gradients and
difficulty capturing long-distance dependencies.17,18 The
Transformer, proposed in 2017, introduced self-attention to
learn dependencies across entire sequences in parallel, accel-
erating the development of large language models such as
BERT19 and GPT.20 The Transformer's simultaneous improve-
ments in both accuracy and training speed, combined with its
adherence to scaling laws,21 whereby performance increases
with more training data and parameters, have ushered in the
era of foundation models. These models undergo pretraining
on massive text corpora and can be ne-tuned for diverse
downstream tasks.

In chemistry, language model techniques have been adapted
by representing molecules as text sequences, most prominently
via SMILES.22 Casting molecules as strings makes the learning
problem formally analogous to sentence modeling, enabling
direct transfer of NLP methods. This idea spread rapidly in the
late 2010s and early work employed RNNs/LSTMs for molecular
generation and prediction.5,23 Subsequently, Transformer-based
CLMs were developed, leveraging self-attention for long-range
structural dependencies and large-scale pretraining, with
applications expanding to molecular design, property predic-
tion, and reaction pathway prediction.4,24–27

CLMs do more than memorize strings. They internalize
statistical regularities and grammatical constraints of chemical
Nat. Prod. Rep.
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space, enabling high-validity prediction and generation for
unseen structures. Recently released large-scale CLMs trained
on extensive datasets26–28 are rapidly increasing their utility in
drug discovery and natural products research. Moreover, the
scope of CLMs has expanded beyond molecular strings to
encompass diverse chemical and biological data modalities,
including BGCs, protein sequences, mass spectrometry data,
NMR spectra, and textual metadata, all of which can be toke-
nized and processed using language modeling techniques. This
section reviews the molecular string representations that
underpin CLMs, explores how language modeling approaches
are being extended to these broader data types, and examines
the neural network architectures used to learn from them.
2.1 Molecular string representations

With CLM applications in mind, we introduce major string-
based molecular representations and summarize their advan-
tages and challenges for CLM usage. Fig. 2 illustrates how the
same molecular structure can be encoded using different string
representations, each with distinct advantages and limitations
for CLM applications.

2.1.1 IUPAC nomenclature. IUPAC nomenclature is
a human-readable, systematic naming scheme dened by
IUPAC and widely used in research articles and patents. Some
reports have shown better performance than SMILES for certain
generative and property-prediction tasks,29 but IUPAC names
are generally long and complex, making them cumbersome to
learn and generate directly as token sequences.

2.1.2 SMILES. Simplied Molecular Input Line Entry
System (SMILES)22 is a concise representation developed in the
1980s. It is relatively interpretable to humans and has been the
de facto standard for CLMs. However, long-range syntactic
dependencies (e.g., branching and ring closures) can cause
grammatical errors and learning difficulties for sequence
models. Non-uniqueness and variation in stereochemical
annotation also introduce representation instability.

2.1.3 DeepSMILES. DeepSMILES aims to mitigate some
syntactic shortcomings of SMILES by, for example, representing
ring closures with a single symbol and using only right paren-
theses for branching, thereby reducing the incidence of syntax
errors in generation.30 It oen suppresses syntactically invalid
outputs in generative models, though at some cost to human
readability and compatibility with existing tooling.
Fig. 2 Comparison of molecular string representations for salicylic
acid. The same molecular structure is shown with its IUPAC nomen-
clature, SMILES, DeepSMILES with simplified branching and ring
notation, and SELFIES with guaranteed chemical validity.

Nat. Prod. Rep.
2.1.4 SELFIES. SELF-referencIng Embedded Strings (SELF-
IES), proposed by Krenn and colleagues, guarantees that any
string decodes to a chemically valid molecule, i.e., 100% val-
idity.31 Whereas SMILES can violate grammar or chemical
constraints such as valence, SELFIES enforces both syntactic
and semantic validity via a state-transition scheme. Its robust-
ness benets VAEs and CLM-based generation, although some
studies note limitations in reproducing certain aspects of
chemical diversity, including aromatic systems, potentially
making it harder to reect training data distributions
faithfully.32,33

In practice, SMILES remains the dominant representation
across CLM use cases such as generation, property prediction,
and reaction prediction. DeepSMILES is used in scenarios
prioritizing reduced syntax errors during generation, with
reports of benets in some settings. SELFIES is particularly
attractive where generation robustness and chemical validity
are crucial. IUPAC names are highly readable for humans but
are not commonly adopted as the primary learning represen-
tation for CLMs.
2.2 Tokenizing diverse chemical modalities

While most chemical language modeling research focuses on
SMILES or SELFIES representations, various data types essential
to natural product discovery can be tokenized and processed
using language modeling techniques. This approach treats each
modality as a token sequence and uses standard pretraining
objectives, including masked modeling, denoising, and
contrastive alignment to develop useful representations. Fig. 3
illustrates how heterogeneous data types relevant to natural
Fig. 3 Multimodal tokenization for chemical language models. (A)
Biosynthetic gene clusters tokenized at the Pfam protein-domain
level, where each domain is treated as a single token and the sequence
preserves cluster organization. (B) Protein sequences tokenized at the
single-amino-acid level. (C) MS/MS spectra serialized as ordered peak
tokens, here shown as rounded or binned m/z values. (D) One-
dimensional 1H NMR spectra summarized as sequences of peak
descriptors combining chemical shift, multiplicity, and proton count.
(E) Textual metadata such as assay descriptions processed with
wordpiece tokenization. (F) Molecules represented as SMILES strings.

This journal is © The Royal Society of Chemistry 2026
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product discovery can be converted into token sequences for
chemical language modeling.

For BGC, these structures are represented as sequences of
functional domain tokens arranged according to their cluster
organization, with the option of including module boundaries
and tailoring enzyme annotations.34,35 Applying masked
language modeling techniques to these domain sequences
produces encoders that capture long-range biosynthetic
dependencies, while taxonomic or environmental context can
be added through additional token representations. Protein
sequences use standard amino acid tokenization, and their
embeddings are aligned with molecular representations
through contrastive objectives or cross-attention mechanisms
to enable cross-modality reasoning.36

Mass spectrometry data, specically MS/MS spectra, are
encoded as ordered sequences of peaks indexed along the mass-
to-charge axis, with intensity values represented either as cate-
gorical bins or as scalar features.37,38 The pretraining method
typically combines masked peak recovery with denoising
procedures applied to modied or perturbed spectra, along with
contrastive objectives designed to associate spectra from the
same compound measured under different conditions. NMR
data are serialized differently based on dimensionality, with
one-dimensional experiments represented as binned chemical
shi sequences and two-dimensional experiments encoded as
sequences of peak coordinate pairs, including solvent and
temperature information as conditioning tokens.39

Additionally, textual metadata, including organism names,
occurrence information, assay descriptions, and bibliographic
context, are processed using standard natural language pro-
cessing tokenization methods and then integrated with
molecular encoders.28,40

Across these modalities, a consistent design pattern appears
that rst denes a chemically or biologically meaningful toke-
nization scheme with explicit context tokens, followed by pre-
training procedures using masking, denoising, and contrastive
losses to develop robust encoder architectures capable of
learning useful representations from the data.
2.3 Neural network architectures

The neural architectures powering CLMs have evolved
substantially. Here we outline the main families, including
RNNs and Transformers, their characteristics, and typical use
cases.

2.3.1 RNN. As noted above, RNN-based architectures were
widely used in early CLMs, ingesting molecular strings token by
token while maintaining a latent state for context. Vanilla RNNs
work well on shorter sequences but suffer from vanishing/
exploding gradients on long sequences.17,18

LSTM and GRU introduce gating mechanisms to mitigate
these issues, dynamically deciding how much information to
retain or forget and thereby stabilizing long-range dependen-
cies. For SMILES, models must track relations between distant
positions (e.g., the correspondence of branch delimiters or ring
indices across tens of characters), and LSTMs/GRUs can capture
such dependencies to a degree.
This journal is © The Royal Society of Chemistry 2026
During the formative years of CLMs, many LSTM/GRU-based
generators were proposed, valued for producing syntactically
valid molecules even with limited data.5,41,42 However, their
inherently sequential computation hinders parallelization,
making large-scale training less efficient than with Trans-
formers, and very long contexts remain challenging.

2.3.2 Transformer. The Transformer6 centers on self-
attention, enabling parallel learning of relationships among
all tokens in a sequence. Unlike RNNs, which process inputs
stepwise in one direction, Transformers compute pairwise
token affinities in a single pass, facilitating capture of long-
range dependencies and efficient large-scale pretraining.

For CLMs, molecular strings are tokenized and augmented
with positional encodings, then processed by stacked layers of
self-attention and feedforward networks.4,24–27 This architecture
excels at modeling complex, molecule-spanning dependencies
such as branching and ring systems. However, it is important to
note that self-attention has computational and memory
complexity ofO(n2) with respect to sequence length n, which can
be a bottleneck for long SMILES typical of natural products with
multiple rings or glycosylations.

Transformer architectures can be broadly classied into
three categories: encoder-only, decoder-only, and encoder-
decoder models. While all fundamentally utilize attention
mechanisms, they differ in their training methods and appli-
cations. Below, we provide a detailed description of each
architecture.

2.3.2.1 Encoder-only. Encoder-only models, exemplied by
BERT,19 process entire input sequences jointly, allowing each
token to attend bidirectionally to every position. Pretraining
typically uses masked language modeling (MLM), predicting
randomly masked tokens from their surrounding context to
learn statistical and syntactic features. The resulting represen-
tations transfer effectively to classication, regression, and
sequence labeling.

In chemistry, applying MLM to SMILES enables models to
learn grammatical constraints and chemical knowledge.
Encoder-only CLMs are adept at capturing correspondences
such as ring closures and branch boundaries. Models such as
ChemBERTa leverage such pretrained representations for
downstream tasks, including molecular classication, property
prediction, and similarity search, oen surpassing descriptor-
based baselines.25,26

2.3.2.2 Decoder-only. Decoder-only models are autore-
gressive language models that generate entire sequences by
repeatedly predicting the next token while referring only to
preceding context through causal masking at each step. GPT20 is
a representative example, achieving strong generative coher-
ence and promptability aer large-scale pretraining. At infer-
ence, decoding strategies include greedy and beam search as
well as stochastic schemes such as top-k and nucleus (top-p)
sampling, which trade off diversity and quality.43 Lightweight
adaptation methods, such as prompt design, prex/prompt
tuning, and adapters, further ease task transfer.

In CLMs, SMILES/SELFIES are treated as token sequences for
de novo molecular generation. Conditional generation supplies
targets such as desired properties (e.g., logP, QED, synthetic
Nat. Prod. Rep.
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Table 1 Comparison of CLM architectures and their suitability for natural product discovery tasks

Architecture Training objective Typical NP tasks

Encoder-only Masked language modeling Property prediction, BGC classication
Decoder-only Autoregressive LM De novo generation, scaffold exploration
Encoder-decoder Denoising/inlling Spectrum / structure, conditional

molecule generation, retrosynthesis
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accessibility), functional groups, or scaffolds to bias outputs.44,45

Reinforcement learning can also guide generators toward
objectives like predicted activity or docking scores.46–48

2.3.2.3 Encoder–decoder. Encoder–decoder models pair
a bidirectional encoder that builds a sequence representation
with an autoregressive decoder that generates outputs condi-
tioned on that representation. They suit text-to-text mappings
such as translation and summarization. Pretraining oen
employs self-supervised tasks like text inlling or span corrup-
tion (e.g., BART, T5).49,50 While they typically require sizable,
high-quality paired data, they tend to be stable and straight-
forward to train for text-to-text generation tasks.

In chemistry, SMILES-to-SMILES mappings are widely used
for forward/reaction prediction, retrosynthesis-like molecular
optimization, and related tasks.24,27,51 Encoder-decoder models
also support cross-modality translation (e.g., generating candi-
date structures directly from MS/MS or NMR spectral
features).38,39,52–54

As each architecture has distinct strengths, Table 1
summarizes which types of natural product discovery tasks each
is best suited for.
3 Applications of language models in
natural product discovery

This chapter organizes how languagemodels are integrated into
practical workows in natural product drug discovery and how
they concretely shorten bottlenecks on the path to discovery. We
detail which CLM types and applications suit each stage of the
research ow (exploration, structure elucidation, activity/
property assessment, and design). Table 2 summarizes the
models covered in this chapter by domain and model family.
While this chapter primarily focuses on language model-based
approaches, we briey reference some non-language model-
based methods, such as graph-based models, where relevant.
Although these fall outside our main scope, they are mentioned
sparingly to provide context for understanding language model
applications.
3.1 Exploration in genome mining and screening

At the outset of exploration, one must decide which genomes or
samples to prioritize given limited experimental resources. We
rst discuss genome-based approaches that identify and learn
representations of secondary-metabolite BGCs to estimate
product classes and novelty for targeting. We then describe
extract-based approaches that select samples or fractions with
high novelty based on MS/MS or activity data.
Nat. Prod. Rep.
3.1.1 BGC identication and representation learning. For
genome-based exploration, approaches that treat BGCs as token
sequences and learn context with sequencemodels are effective.
DeepBGC maps Pfam domain sequences to word2vec-derived
distributed representations (pfam2vec), detects BGC bound-
aries with a bidirectional LSTM (BiLSTM), and further assists
product-class classication with a random forest, improving
both recall of known classes and recovery of putative novel
classes.55 BiGCARP introduces BERT-style self-supervised pre-
training. It tokenizes Pfam domains, learns representations via
masked language modeling, and transfers them to BGC detec-
tion and product classication, boosting accuracy and robust-
ness.34 BGC-Prophet, centered on a Transformer encoder,
leverages self-attention to capture long-range positional
dependencies and enables efficient scanning at whole-genome
and metagenome scales, surpassing prior methods in both
sensitivity and throughput.35 Predicted novelty scores and
product classes from these models guide target selection, i.e.,
which BGCs to route to the bench rst.

3.1.2 Extract-based prioritization. Complementing
genome-based methods, extract-level approaches leverage
physicochemical and spectral signatures to prioritize samples.
In extract-based exploration, properties exhibited by culture
broths or extracts (activity, physicochemical signatures, spectral
data) can be used to avoid rediscovering known compounds
while prioritizing samples or fractions with high novelty. When
leveraging MS/MS, one can achieve more reliable structure
prediction and library search than with MS alone. Representa-
tion learning that captures semantic similarity between spectra
is well-suited for this prioritization. Spec2Vec learns word2vec-
style embeddings from large spectral corpora using peak co-
occurrence patterns and shows better alignment with struc-
tural similarity than cosine scores that have long been used.37

Complementarily, MS2DeepScore uses a Siamese neural
network to directly predict the Tanimoto similarity between
molecular ngerprints from a pair of spectra, bridging the gap
between spectral similarity and structural similarity.57 Both
integrate well with molecular networking,72 enabling one to
distinguish clusters enriched for known versus unknown
chemistry and to allocate isolation and structure-elucidation
resources preferentially to the latter.
3.2 Structure elucidation

Correct structural assignment is essential for understanding
the properties and functions of isolated compounds. While our
focus is on languagemodels, in this section, we briey reference
graph-based Transformers that currently lead forward
This journal is © The Royal Society of Chemistry 2026
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Table 2 Models available for natural product drug discovery

Name Domain Model family

DeepBGC55 Genome mining LSTM + random forest
BiGCARP34 Genome mining Transformer (encoder)
BGC-Prophet35 Genome mining Transformer (encoder)
BioNavi-NP56 Retrobiosynthesis Transformer (single-step) + AND-OR search
Spec2Vec37 Spectral similarity Other (word2vec embedding)
MS2DeepScore57 Spectral similarity Other (Siamese DNN)
Spec2Mol38 Structure elucidation (MS/MS / SMILES) GRU
MassGenie53 Structure elucidation (fragments / SMILES) Transformer (decoder)
MSNovelist52,58 Structure elucidation (FP-guided) RNN + constraints
CFM-ID 4.059 MS forward model Other (learnable fragmentation model)
MassFormer60 MS forward model Graph transformer
GT-NMR61 NMR forward model Graph transformer
Alberts et al.39 NMR de novo Transformer (encoder-decoder)
ChemBERTa25 Activity/ADMET Transformer (encoder)
ChemBERTa-2 (ref. 26) Activity/ADMET Transformer (encoder)
SMILES-Mamba62 Activity/ADMET Other (Mamba)
TransformerCPI63 DTI/CPI Transformer (encoder)
T-ALPHA64 DTI/CPI Transformer (encoder, encoder-decoder)
MolTrans65 DTI/CPI Transformer (encoder)
DrugCLIP66 Virtual screening Dual encoder
Graphormer67 QSAR/physchem Graph transformer
MolBART24 De novo design Transformer (encoder-decoder)
Chemformer27 De novo design Transformer (encoder-decoder)
BARTSmiles68 De novo design Transformer (encoder-decoder)
MolT5 (ref. 28) Text-molecule Transformer (encoder-decoder)
REINVENT (v1-3)46–48 RL optimization LSTM
Tay et al.69 NP-like molecule generation LSTM
NPGPT70 NP-like molecule generation Transformer (decoder)
NP-VAE71 NP-like molecule generation VAE

Fig. 4 Structure elucidation workflows combining MS/MS with
machine learning models. (A) Direct MS/MS to SMILES generation,
where an encoder-decoder model maps tandem mass spectra to
candidate molecular structures. (B) Fingerprint-based two-stage
approach that first predicts molecular fingerprints from MS/MS and
then uses a conditional generator to sample structures consistent with
the predicted fingerprint. (C) Forward-prediction-based re-scoring, in
which candidate structures are passed to MS/MS forward predictors
and ranked according to the agreement between predicted and
experimental spectra.
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prediction of spectrum (MassFormer, GT-NMR).60,61 In structure
elucidation from extracts, databases oen lack the molecules
encountered, making pure library matching insufficient. A
common integrated workow uses tandem mass spectrometry
(MS/MS) to broadly propose candidates and veries them by
nuclear magnetic resonance (NMR). Natural products are oen
structurally complex, and elucidation can be challenging, so, in
recent years, modeling through machine learning and deep
learning has advanced for both MS/MS and NMR. Fig. 4 shows
three different approaches for structure elucidation using MS/
MS data.

In methods that generate structures directly from MS/MS,
the core is an encoder-decoder that encodes spectra, either as
continuous sequences or sets of peaks, and autoregressively
decodes SMILES. Spec2Mol embeds multi-collision-energy MS/
MS spectra with an encoder and generates SMILES using
a GRU-based decoder in an end-to-end scheme, proposing
candidate structures even when not present in databases.38

Spec2Mol was not trained on a natural-product-specic dataset,
but the general chemistry databases used for training (Pub-
Chem, ZINC-12) and the NIST20 MS/MS library are likely to
contain natural-product-related molecules indirectly, such as
metabolites and plant-derived compounds. MassGenie formu-
lates the problem as translation from fragment information to
SMILES, pretraining a Transformer largely on synthetic spectra
and showing that scaling to millions of structure-fragment pairs
is effective.53 More recently, BART-style pretraining has been
adopted in generators such as MS2Mol, prompting discussion
This journal is © The Royal Society of Chemistry 2026
of tokenization designs for treating spectra as language,
including discretization of encodings and choices of bin
width.73
Nat. Prod. Rep.

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6np00002a


Natural Product Reports Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

2 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
3/

20
26

 7
:1

6:
23

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
Two-stage methods that rst infer molecular ngerprints
from MS/MS spectra and then generate structures consistent
with those ngerprints have also been proposed. MSNovelist
stacks a language-model-based generator atop CSI:FingerID,
which predicts ngerprints from spectra, achieving high top-k
identication rates for complex isomers while enabling de novo
proposals beyond the database.52,58

For candidate re-scoring, forward predictors of spectra from
structures play a key role. Predicted spectra are compared with
observed spectra to re-rank candidates by physical plausibility.
CFM-ID 4.0 renes the competitive fragmentation model by
introducing learnable, topology–aware parameters, achieving
accurate MS/MS spectra prediction.59 MassFormer uses a Graph
Transformer with self-attention to capture long-range correla-
tions on molecular graphs and reports state-of-the-art accuracy
for collision-energy-dependent spectra.60 Such forward models
stabilize top-ranked results by re-evaluating candidate sets
proposed by direct generation or ngerprint-guided models
against the observed spectra.

For NMR, both high-accuracy chemical-shi prediction and
structure prediction from spectra have advanced. GT-NMR uses
a Graph Transformer that inputs molecular graphs to predict
chemical shis, achieving state-of-the-art mean absolute errors
on nmrshidb2 and on natural product benchmarks.61 In
parallel, models that predict SMILES directly from NMR spectra
are being trained: Alberts et al. pretrain an encoder-decoder
Transformer on synthetic spectra and, using combined 1H
and 13C data, achieve 67% top-1 structural accuracy.39 Multi-
modal Transformers that jointly ingest MS and NMR (and in
some cases IR or 2D NMR) are also under investigation,
showing advantages in difficult cases such as distinguishing
structural isomers, especially regioisomers, by fusing comple-
mentary information sources.74
3.3 Activity and property prediction

Once structures are determined, it is crucial to estimate bio-
logical activities and ADMET properties rapidly and consistently
to concentrate limited experimental resources on promising
candidates. Encoder-style CLMs that take SMILES as input are
widely used at this stage. ChemBERTa demonstrated that
Transformer-based molecular representation learning is effec-
tive for QSAR/ADMET by showing competitive performance
under low-label regimes via self-supervised pretraining on
approximately 10 million SMILES from PubChem, which covers
a broad range of compounds including both synthetic and
natural-origin entries.25 ChemBERTa-2 redesigns the training
scheme and data scale, improving across multiple benchmarks,
including MoleculeNet, and clarifying the direction of
foundation-model-based representation learning in chem-
istry.26 In parallel, BERT-family encoder models such as
SMILES-BERT and Mol-BERT have been proposed, rening
contextual representations of functional groups and substruc-
tures via masked language modeling and tasks such as
canonical-equivalence prediction across different SMILES for
the same molecule.4,75 Recently, SMILES-Mamba applies
a selective state-space model (computationally lighter than
Nat. Prod. Rep.
Transformers) to SMILES sequences, showing strengths on
several ADMET tasks under large-scale pretraining.62

When target proteins must be considered, multimodal
models that integrate protein sequences with molecular repre-
sentations are effective. TransformerCPI applies self-attention
to both protein sequences and molecular structure informa-
tion, improving target–compound interaction prediction and
offering interpretability via attention weight visualization of
interaction regions.63 Although its training data from ChEMBL
and BindingDB may include some natural products, these
databases are not natural-product-focused. MolTrans extracts
substructure patterns from SMILES and from protein
sequences, then encodes them using Transformer encoders to
predict drug–target interactions (DTIs) with high accuracy.65 Its
training data similarly cover broad drug-like chemical space. It
also supports semi-supervised learning with unlabeled mole-
cules. More recently, retrieval-style virtual screening aligns
binding-pocket and molecular representations via contrastive
learning. For example, DrugCLIP is pretrained on large sets of
compound–protein–pocket pairs without explicit affinity labels
and achieves fast, accurate screening.66 Recent advances
include T-ALPHA, which employs a hierarchical Transformer
framework integrating multimodal representations through
three distinct channels (protein, ligand, and protein-ligand
complex), demonstrating state-of-the-art performance even
when using predicted structures instead of crystal structures.64

For chemical spaces like natural products (oen out of distri-
bution relative to standard drug-like corpora), combining
sequence-language-model representations on the target side
with CLM representations on the ligand side is advantageous
for target identication and matching to known targets.

Care must be taken with activity cliffs, in which small
substructural changes produce large activity differences. Such
pairs (compounds with similar structures yet markedly different
activities) oen degrade the performance of traditional ML and
DL models. MoleculeACE provides a benchmark platform to
quantify activity cliffs and systematically evaluate model
performance.76 Robust activity prediction is especially impor-
tant for natural products, which oen feature diverse functional
groups and high stereochemical complexity.

CLMs that take SMILES as input oen compete closely with
graph neural networks (GNNs). For example, while
ChemBERTa-2 outperforms Chemprop (a model based on the
D-MPNN variant of GNNs) on multiple MoleculeNet tasks,26 D-
MPNN and Graphormer remain strong for quantum and phys-
icochemical properties.67,77 Hybridization is an active direction.
MolPROP integrates CLM embeddings with GNNs, and UniMAP
fuses SMILES and graph embeddings, both reporting
improvements.78,79

Across Sections 2.2 and 3.3, most of the models introduced
have been developed and validated on general chemical data-
sets rather than those focused specically on natural products.
However, these approaches are highly exible, and with
domain-specic ne-tuning or adaptation using natural
product datasets, they hold strong potential to capture the
unique structural complexity, molecular size ranges, and
stereochemical diversity characteristic of natural products.
This journal is © The Royal Society of Chemistry 2026

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6np00002a


Review Natural Product Reports

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

2 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
3/

20
26

 7
:1

6:
23

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
3.4 De novo design

This section surveys how de novo molecular design with CLMs
can help open previously unexplored regions of natural product
chemistry. Although slightly apart from in-the-trenches CLM
usage in discovery workows, we summarize efforts to generate
novel compounds.

Within the encoder-decoder models, BARTSmiles is a repre-
sentative example. Aer pretraining with masked language
modeling, it undergoes ne-tuning on toxicity and chemical
reaction datasets, demonstrating state-of-the-art performance
across many tasks.68 Such models have the advantage that
encoder embeddings can power prediction tasks while the
decoder enables generation. In practice, BARTSmiles handles
property prediction on MoleculeNet and supports generation
tasks such as retrosynthesis and reaction prediction. MolT5
enables bidirectional translation between text and molecular
representations, opening the door to natural-language-driven
molecular design via captioning and conditional text-to-
molecule generation.28

To bias generation toward the natural product space, CLMs
trained on natural product data have been explored. Tay et al.
trained an LSTM on natural product structures and generated
approximately 67 million natural-product-like compounds.69

NPGPT ne-tunes a pretrained GPT on natural product data,
bringing the generation distribution closer to natural products
and yielding candidates with promising drug-like potential.70

While this review primarily focuses on language models, it is
worth noting that other deep learning approaches have also
been developed for natural product generation. For instance,
NP-VAE employs graph-based VAE architectures to handle large
molecular structures with 3D complexity, including chirality.71

For controllability, conditional Transformers have been widely
studied for multi-objective optimization. By conditioning on
targets such as protein sequences or pocket descriptors, property
vectors, or scaffolds, autoregressive generation can be steered.80–82

Such conditional generation is useful for obtaining compounds
that satisfy desired properties while retaining natural-product-like
characteristics and scaffold diversity.

To explore chemical space under explicit objectives, rein-
forcement learning (RL) is commonly combined with genera-
tors. REINVENT updates the policy of an RNN-based generator
using rewards derived from objective functions (predicted
activity, docking scores, etc.).46–48 For example, by supplying
a natural-product-likeness objective, one can train a model to
generate natural-product-like compounds. REINVENT has seen
continual renement and widespread application.

A critical question for de novo design in the natural product
space is whether a generated compound is synthetically acces-
sible. BioNavi-NP addresses this by combining a Transformer-
based single-step retrobiosynthesis model with AND-OR tree
search (Retro*), trained on datasets including general organic
and biosynthetic reactions, to propose biologically plausible
multi-step biosynthetic routes.56 In internal tests, it proposed
routes for 90.2% of 368 cases, with a building-block hit rate of
56.0% (72.8% when user-dened building blocks were speci-
ed). Coupling such retrobiosynthesis tools with CLM-based
This journal is © The Royal Society of Chemistry 2026
generators offers a promising workow. De novo generated
candidates can be ltered or ranked by the feasibility of their
predicted biosynthetic routes, thereby focusing experimental
effort on structures for which plausible pathways exist.

Another important consideration is whether CLMs generate
structurally diverse compounds rather than close analogs of
training-set members. Encouragingly, recent studies suggest
that CLMs biased toward natural products can produce diverse
outputs. It has been reported that natural-product-like
compounds generated by CLMs trained on the structures of
natural products are distributed in a broader physicochemical
space than the training data.69 Nevertheless, generative models
can exhibit mode collapse, and practitioners should routinely
report diversity and novelty metrics such as the Fréchet
ChemNet Distance (FCD), internal diversity, and scaffold
diversity, as standardized in benchmarks like MOSES and
GuacaMol.83,84 Systematic use of these metrics will help the
community assess whether CLMs are truly expanding the
explored chemical space.
3.5 Case studies

The practical impact of CLMs is perhaps best illustrated by
studies in which language-model predictions were followed by
experimental validation. A notable example on the discovery
side is a recent Transformer-based platform for BGC prediction
and design.85 In this work, BGCs were represented as sequences
of biosynthetic domains, allowing a RoBERTa-based model to
learn domain co-occurrence and positional relationships in
a language-like manner. Beyond benchmarking on known
BGCs, the authors used the cyclooctatin pathway as a case study
for model-guided BGC engineering. A model trained on whole
genomes proposed several domains that were absent from the
original cluster and from the predictions of a BGC-only model.
To test one such prediction experimentally, the authors located
a gene encoding the predicted domain in a related Streptomyces
genome and co-expressed it with the cyclooctatin biosynthetic
genes in Streptomyces albus, which led to the production of an
unknown cyclooctatin derivative.

A complementary example comes from de novo design. In
a study on retinoid X receptor (RXR) modulation, an RNN-based
CLM was pretrained on bioactive compounds and then ne-
tuned using a small set of natural product templates with
known RXR activity.86 The resulting model generated natural-
product-inspired mimetics that were prioritized, synthesized,
and experimentally tested. Two of the four designed
compounds showed RXR modulatory activity that was iso-
functional with that of the natural product templates, illus-
trating how CLMs can translate natural product bioactivity
patterns into experimentally validated design hypotheses.
4 Data resources and curation for
CLMs

The performance of CLMs depends critically on which data are
selected and how they are preprocessed. In this chapter, we rst
organize the available natural product databases. We then
Nat. Prod. Rep.
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describe the procedures required to prepare retrieved records as
model-ready training data, outlining the end-to-end pipeline
from preprocessing through dataset splitting.
4.1 Major natural product databases

When using natural product databases as training resources for
CLMs, it is essential to understand, for each resource, whether
structures are rigorously determined, whether annotations are
consistent, and how accessible the data are. Here, we focus on
four representative databases (COCONUT 2.0, The Natural
Products Atlas 3.0, LOTUS, and SuperNatural 3.0) and
summarize their characteristics and recommended uses for
CLM pretraining and evaluation.87–90

COCONUT 2.0 aggregates publicly available natural product
data and supports community-driven curation.87 The data can
be obtained via bulk download or API, facilitating ML applica-
tions and pretraining. It integrates diverse sources and contains
roughly 700 000 unique structures, although some non-natural
entries are known to be present and warrant caution.

The Natural Products Atlas 3.0 focuses on microbially
derived compounds and employs literature-based curation with
human verication in the workow.88 The latest release incor-
porates structural corrections, improving overall accuracy. With
36 545 natural products, it is especially valuable as a high-
condence set for evaluation.

LOTUS publishes occurrence information (compound,
organism, and literature) as a knowledge graph and provides
rich, reusable metadata such as classications and synonyms.89

Although led by the same group as COCONUT, LOTUS offers
more comprehensive annotations for organismal and biblio-
graphic context. For CLMs, this supports the design of hard
negatives, assessment of phylogenetic or reporting biases, and
integration with textual information.

SuperNatural 3.0 covers natural products and derivatives
broadly, and alongside structural data it includes predicted
properties, toxicity-related information, and supplier meta-
data.90 With approximately 450 000 compounds, it is convenient
for training, but annotations are tiered into two condence
levels, so reliability is not uniform. Compared with COCONUT,
the explicit condence indicators in SuperNatural 3.0 make it
easier to exclude dubious entries, which is useful when
balancing data volume against annotation quality.

Despite these valuable resources, the scale of available
natural product data remains considerably smaller than
synthetic or drug-like compound collections. ZINC 22 (ref. 91)
contains several billion commercially available compounds,
and ChEMBL92 includes approximately 2.5 million bioactive
molecules. Recent CLMs like MolFormer93 have been pretrained
on over 1 billion compounds from these large-scale databases.
In contrast, the largest natural product database, COCONUT
2.0, contains roughly 700 000 structures. The limited dataset
size constrains model training, and the structural complexity of
natural products means that existing databases provide sparse
coverage of the chemical space. Addressing this data gap
through continued curation and development of data-efficient
Nat. Prod. Rep.
learning methods will be crucial for realizing the full potential
of CLMs in natural product discovery.

Beyond scale, data quality and consistency present addi-
tional challenges. Among these, incomplete and inconsistent
stereochemical annotations stand out as a critical issue for
natural product databases. Natural products frequently possess
numerous stereocenters, making stereochemical information
important, yet database entries vary widely. Some include fully
determined congurations, while others report stereochemistry
with undetermined centers. Community-driven curation
initiatives and standardized natural-product-focused bench-
marks, similar to MoleculeNet94 for general chemistry, would
help address these issues by providing shared, high-quality
evaluation resources and encouraging consistent data prac-
tices across the eld.
4.2 Data processing and splitting pipeline

This subsection explains the sequence of steps from acquisition
to CLM-ready datasets, covering standardization of string
representations, data augmentation, tokenization, and dataset
splitting.

The rst step is to standardize string representations such as
SMILES. RDKit and MolVS are commonly used tools for this
purpose.95,96 Standard procedures include normalization, reio-
nization, cleavage of metal coordination, and exclusion of
mixtures, which are applied in a prescribed order. Harmonizing
representations across heterogeneous sources is crucial for
smooth CLM training.

Quality control should proceed in parallel with standardi-
zation. For natural product datasets, in addition to detecting
obvious valence violations and ring inconsistencies, it is
important to compute diagnostic metrics (e.g., the NP-likeness
score97) to identify outliers and characterize distributional
biases.

A particularly important quality-control decision concerns
the treatment of incomplete stereochemical assignments,
which are common in natural product databases. Three main
approaches are available. The rst option is (1) to exclude
molecules with incomplete stereochemistry, yielding a cleaner
but smaller dataset suited for tasks where stereochemical
correctness is essential. The second option is (2) to retain
molecules as-is, because SMILES can represent undened
stereocenters alongside dened ones. This preserves data
volume while accepting partial stereochemical information.
The third option is (3) to strip all stereochemical annotations
entirely to reduce token complexity and sequence length, which
can simplify training at the cost of discarding stereochemical
knowledge. In practice, option (3) is oen chosen for large-scale
pretraining where reducing training cost is a priority, whereas
option (1) is preferred when the task explicitly requires stereo-
chemically complete structures. Reporting which strategy was
adopted and its effect on dataset size is recommended to
facilitate reproducibility.

For data augmentation, enumerated SMILES are commonly
employed.98 Because a single molecule admits multiple valid
SMILES, this approach increases the effective dataset size.
This journal is © The Royal Society of Chemistry 2026
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Generating multiple SMILES per molecule during training
generally improves model robustness.

Several tokenization strategies are available. Subword
segmentation via byte pair encoding (BPE), widely used in NLP,
tends to reduce sequence length but may not align tokens with
chemically meaningful units, potentially making substructure
recognition by CLMs more difficult. Given that chemistry has
a relatively small vocabulary of atomic symbols compared with
natural language words, atom-level tokenization is also
common. In addition, chemistry-specic tokenizers such as
SMILES Pair Encoding and atom-in-SMILES have been
proposed.99,100

Dataset splitting has a direct impact on the assessment of
generalization. A widely adopted principle is scaffold splitting
based on Bemis-Murcko frameworks, which ensures that the
same scaffold does not appear across training and evaluation
sets.94,101 By requiring that evaluation sets contain novel scaf-
folds, this strategy tests whether the model generalizes to
unseen chemistry. When feasible, scaffold splits can be
combined with temporal splits based on publication or depo-
sition year to create a more rigorous learning setup.

In practical use, performance on unseen scaffolds is
important. Although scaffold splits are stricter than random
splits, they can still overestimate performance because closely
related but scaffold-distinct molecules may be mixed.102 Split-
ting based on chemical similarity (e.g., using UMAP or related
approaches to partition the chemical space) has been recom-
mended to obtain more realistic estimates.
5 Future perspectives

The use of CLMs is expanding and transitioning into technol-
ogies that can be embedded into day-to-day natural product
discovery. Nevertheless, the natural product chemical space
differs from drug-like small molecules in its statistical proper-
ties and stereochemical complexity, and conventional model
designs and evaluation protocols may not always be appro-
priate. This chapter discusses prospects for CLMs in natural
product discovery under these domain-specic conditions.
5.1 Natural-product-specialized CLMs and 3D
representations

We anticipate increasing demand for CLMs specialized in
natural products. The natural product chemical space differs
from typical drugs dened by the “Rule of Five”,103 yet it yields
scaffolds of importance for drug discovery and contains many
structures with affinity for biological targets. Historically, it has
provided numerous leads with novel mechanisms of action and
activity against difficult targets.1 Models trained on general
chemical corpora tend to undervalue stereochemically rich and
highly functionalized scaffolds typical of natural products,
which can misalign prioritization and generation with real-
world discovery value. Accordingly, to fully leverage CLMs for
natural product discovery, representations and priors adapted
to this domain are essential.
This journal is © The Royal Society of Chemistry 2026
A practical training strategy is to pretrain on large, diverse
general chemistry datasets to acquire chemical grammar and
broad knowledge, followed by continued pretraining on
comparatively smaller natural product datasets. This down-
stream domain adaptation shis the exploration bias toward
the natural product space by imprinting domain-specic
structural regularities. In turn, one can expect improvements
in activity and property prediction for natural products, better
re-ranking of candidates with unfamiliar scaffolds, and richer
scaffold diversity in de novo generation.

However, transferring representations pretrained on general
chemistry can suffer from distribution shi, leading to negative
transfer or catastrophic forgetting.104 Parameter-efficient ne-
tuning (PEFT) has therefore attracted attention. A representa-
tive approach, LoRA, adjusts only a small subset of parameters
atop a frozen backbone, enabling effective adaptation under
limited data.105

Insufficient stereochemical awareness in CLMs is another
key challenge. Compared with typical screening libraries,
natural products oen have numerous stereocenters, high 3D
complexity and conformational exibility. Natural products
span a wide range of exibility, from rigid macrocyclic peptides
and polyketides to highly exible glycosylated or acyclic terpe-
noid structures. While this enhances complementarity to
binding pockets, string-based CLMs do not always capture
stereochemistry or conformational preferences reliably. Indeed,
in Transformer training on SMILES, substructural patterns are
learned early, whereas the acquisition of chirality lags until later
stages.106 Such tendencies are particularly problematic for sets
dense in stereocenters, as in natural products. Further advances
in stereochemical representation and learning are therefore
crucial to extract more value from CLMs in this domain.

Beyond optimization of training recipes and ne-tuning
strategies, a complementary direction is to rene the under-
lying tokenization and representation schemes so that three-
dimensional and conformational information can be
expressed directly at the sequence level. Most current CLMs
operate on SMILES/SELFIES-based sequences and, at best,
incorporate static stereochemical annotations.22,26,31 This design
implicitly treats conformation as something to be recovered
downstream by separate 3D models rather than as part of the
primary representation.

Recent work on conformation-aware line notations and 3D-
aware tokenization suggests one pathway forward.
Conformation-specic SMILES variants such as CSMILES
encode a particular conformer by decorating SMILES atoms or
bonds with additional chiral, dihedral, or distance labels.107

TokenMol instead represents a molecule as an ordered
sequence of discretized torsion angles along its backbone, so
that a CLM can model conformational preferences explicitly as
a sequence prediction problem.108 These methods make it
possible for CLMs to treat conformations as tokens rather than
as information reconstructed solely by a separate three-
dimensional module.

For natural products, such conformation-aware tokenization
is particularly attractive. Natural product activity oen depends
on local conformational preferences, stereochemical
Nat. Prod. Rep.
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orientation of pharmacophores, or macrocycle rigidity, features
that are only indirectly encoded in standard SMILES.109–111

CLMs trained on conformation-augmented sequences can learn
distributions over three-dimensional motifs rather than only
over two-dimensional connectivity patterns.108,112 Moreover,
conformational tokens offer a natural interface between string-
based CLMs and SE(3)-equivariant models, enabling hybrid
architectures in which language models capture global scaffold
and substitution patterns while equivariant networks rene
local geometries.

Realizing these possibilities will likely depend on data and
evaluation. For natural products, curated three-dimensional
information remains fragmentary. Most public resources
provide only 2D structures or a single low-energy conformer,
and even 3D-focused databases cover at most tens of thousands
of metabolites.113 As research into conformation-aware repre-
sentations advances, the demand for corresponding 3D struc-
tural data is expected to increase, highlighting the need for
greater availability of such datasets in the future. In parallel,
benchmarks for conformation-aware CLMs should move
beyond 2D property prediction to tasks that evaluate the
recovery of conformational ensembles and property prediction
from 3D structures, so that competing representations and
training objectives can be compared on questions that matter
for natural product discovery.
5.2 Multimodal CLMs integrating BGC sequences, MS/NMR
spectra, textual metadata

Natural product discovery spans multiple steps (structure
elucidation, prioritization, and evaluation) and involves
multiple modalities. A single modality is oen insufficient to
reduce uncertainty. Recent tools like MultiT2 demonstrate the
value of connecting fragmented multimodal data in natural
products, specically for bacterial aromatic polyketides,
through causal inference approaches.114 Rather than treating
structure, BGC sequence, MS/NMR spectra, and literature/
database text as independent features to be fused post hoc,
multimodal CLMs map them into a shared latent space and,
when needed, train encoder-decoder models to translate
between modalities. Such models can accelerate both the
identication of unknown compounds and the focusing of
resources on candidates with high discovery value. As noted
above, self-supervised representation learning for BGCs,34,35,55

structure prediction from spectra,38,53,73 and text-structure
translation28,115 are already feasible. Recently, this text-
structure multimodality has been further advanced by models
like mCLM, which tokenizes molecules as functional building
blocks, enabling direct and bilingual translation between
natural language functional descriptions and makeable
molecular structures.116 We expect the development of CLMs
that jointly handle these diverse modalities to accelerate.

A persistent obstacle to higher-performing multimodal
models is data scarcity. Large, high-condence datasets that
systematically link BGCs, metabolites, and text do not yet exist.
When relying on low-condence associations, learning may
become dependent on inferred links or weak labels and degrade
Nat. Prod. Rep.
in performance. Benchmarking for multimodal models is also
underdeveloped. Standardizing datasets and evaluation metrics
will make model comparison possible and should catalyze
progress.

5.3 Explainable and uncertainty-aware CLMs

For CLMs in natural product discovery, high average accuracy
alone is insufficient. Decisions about which samples to deepen,
which candidates to synthesize, and which to scrutinize are
made under limited experimental budgets, blending expert
judgment with occasional ML predictions. If models output not
only predictions but also scientic rationales and uncertainty
estimates, the evidential basis becomes clearer and decision-
making becomes easier. In particular, when activity cliffs or
measurement noise contribute to uncertainty, numerical
condence is essential to trust predictions. Explainability and
uncertainty estimation for CLMs remain nascent and warrant
further development.

For explainability, methods such as XSMILES, which visu-
alize token attributions and attention weights from SMILES-
based models onto molecular graphs, provide foundations for
chemists' decisions.117 However, it should be noted that atten-
tion weights do not constitute direct explanations. Interpreta-
tion consistency should be enhanced by combining multiple
explanation methods and providing counterexamples where
slight modications change activity.

For uncertainty, ensemble modeling can quantify predictive
dispersion. For activity prediction and related tasks, conformal
prediction can endow outputs with top-k candidate sets and
guarantees on condence. Such frameworks are particularly
benecial for compounds with natural-product-specic features
that are underrepresented in generic small-molecule corpora.

5.4 Interdisciplinary collaboration

A practical challenge in applying CLMs to natural product
discovery is the gap between computational and experimental
communities. For computational scientists, obtaining high-
quality experimental data, such as bioassay results, annotated
spectra, and veried structures, remains difficult because these
data are oen generated in small batches and dispersed across
laboratories. Conversely, for natural product chemists, the
overhead required to train, validate, and deploy CLMs can be
prohibitive without dedicated computational support.
Advancing interdisciplinary collaboration, where both
communities develop a shared vocabulary and mutual under-
standing of each other's needs and constraints, will be essential
for CLMs to become routine tools in natural product discovery.
Through such collaboration, the learning and evaluation cycle
of CLMs can be accelerated, thereby increasing thematurity and
utility of these models as practical tools for researchers.

6 Conclusions

This review provides a comprehensive overview of CLMs for
natural product design and discovery, ranging from funda-
mental concepts and model architectures to practical
This journal is © The Royal Society of Chemistry 2026
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applications and future perspectives. The number of tools
readily applicable to natural product drug discovery research is
increasing, and their introduction at appropriate times can
contribute to resolving bottlenecks. Recent CLM development
has embraced large-scale pretraining centered on Trans-
formers, shiing emphasis from single-task models to more
general foundation models. Large chemical foundation models
are now available, and continued progress in CLM research is
expected.

We summarize four priority directions. The rst is the
establishment of natural-product-specialized CLMs. By biasing
models toward the natural product space, domain-specic tasks
can be optimized. The second is the development of multi-
modal models that treat BGC sequences, MS/NMR, structures,
and textual literature within a shared latent space. The third is
the integration of explainability and uncertainty estimation as
standard features, so that model predictions are accompanied
by rationale and condence to better support expert decision-
making. The fourth is the reduction of barriers to adoption
through interdisciplinary collaboration between computational
and experimental groups.

Underpinning all four directions, foundational work on data
quality and reproducibility is indispensable. Addressing
inconsistent stereochemical annotations, incomplete metadata,
and the absence of standardized natural product benchmarks
will strengthen the datasets on which CLMs depend. Publishing
pre-processing pipelines, covering structure normalization,
quality control, data augmentation, and dataset splitting,
together with training and evaluation code, will enable
comparison and portability of results. As such shared infra-
structure matures, CLMs are poised to become a practical,
consistent decision-support technology throughout natural
product discovery.
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