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Abstract

Lipid nanoparticles (LNPs) can deliver cargos
to both tumor and immune cells, playing a
crucial role in biomedicine. Traditional ap-
proaches rely on experimental screening and
expert knowledge, which can be costly and
time-consuming. Recent methods based on lan-
guage models have accelerated this process us-
ing deep learning. Although these methods can
retrieve molecules for fusion or rank candidates
from existing libraries, they are still limited by
the scope of known formulations. In this work,
we propose LiGen to generate lipid molecules
efficiently and actively, facilitating the discov-
ery of high-performing LNP formulations. We
first train a lipid-specific molecular language
model, LiCore, to learn hidden representations
of lipid molecules. We then explore the learned
latent space to generate improved candidate for-
mulations. This process is guided by a trained
predictor, which evaluates delivery efficiency
and provides directional signals. In reconstruc-
tion task, LiCore achieves near-perfect recon-
struction performance output with a low invalid
ratio on both the LNP-Virtual900k and LNP-
Exp12k datasets. The predictor consistently
improves ranking-oriented metrics across mul-
tiple cell lines, with our method outperform-
ing the best baselines by an average of 4.1%,
10.8%, and 8.1% in Top-50, Top-10, and Top-5
identification accuracy, respectively. Guided
by predictor, LiGen generates novel lipid can-
didates that achieve a 30.7% relative improve-
ment over baseline methods in predicted deliv-
ery efficiency, with some candidates exceeding
50% improvement.

1 Introduction

Lipid nanoparticles (LNPs) enable targeted de-
livery of siRNA and mRNA to tumor cells and
immune cells, facilitating gene silencing and im-
munotherapy in cancer models (Cheng et al., 2025).
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Figure 1: Task Overview. Given an original lipid
structure, we aim to develop a model that generates
structurally modified lipids with improved delivery effi-
ciency.

Despite their clinical success, the process of design-
ing effective LNP formulations still depends heav-
ily on experimental screening and expert judgment.
The preparation typically involves several compo-
nents in varying proportions. Moreover, the same
formulation can perform differently in distinct cell
lines. Conventional experimental methods for LNP
formulation screening are often limited to tens of
formulations per day. This makes it expensive to
empirically explore thousands of candidate compo-
sitions across diverse conditions (Lam et al., 2025;
Li et al., 2025).

While many classical approaches adopt
sequence-level molecular language models to
improve purely experimental exploration (Goh
et al., 2017; Paul et al., 2018), recent years have
seen growing interest in language-model-based
pipelines for molecular design. Two strands
dominate: encoder–decoder architectures (Wang
et al., 2023) that retrieve the existing molecules,
and predictors (Witten et al., 2025; Cui et al.,
2025) that act as oracles to rank large virtual
libraries. Their appeal — beyond scaling and richer
token-level representations — lies in accelerating
formulation decisions to reduce wet-lab cost.

However, there is one big catch: both strands
remain constrained by the existing formulations.
Encoder–decoder generators depend on retrieving
high-quality existing molecules for fusion. Oracle-
based screening is limited to searching in prede-
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fined virtual libraries. They both struggle to ac-
tively explore novel structures for generating LNP
candidates.

This motivates a critical question: can we pair
an encoder–decoder backbone with a predictor to
drive formulation generation, without constraints
from existing formulations?

The answer to this question is indeed not fore-
seeable: on one hand, current encoder–decoder
language models are largely general-purpose. They
struggle to focus on the fine lipid-specific distinc-
tions needed for formulation. On the other hand,
a predictor must reason over multi-component for-
mulations and continuous ratios. It must also adapt
to multiple cell lines with different distributions.

In this work, we provide a unified method named
LiGen that enables active Lipid Generation by a
pretrained lipid molecule language model, LiCore.
We pretrain LiCore on a large set of ionizable
cationic lipids molecules, capturing rich structural
signals relevant to formulation behavior. Based
on it, we design a predictor that serves as an or-
acle which balances differences across cell lines
and improves cross-cell-line prediction. We im-
plement a generator that uses direction signals to
iteratively design improved candidate formulations
in the learned representation space. Together, we
provide an accurate and generative approach to
LNP design.

Our main contributions are as follows:

• We train a lipid-specific molecular language
model to learn representations tailored to ion-
izable lipid structures. We collect a large lipid-
focused dataset containing over 900,000 ion-
izable lipids to support the training.

• We introduce a predictor-guided generation
framework that explores the LNP design space
in the learned latent representation. The pre-
dictor provides direction signals to guide can-
didate generation across multiple cell lines
and formulation components, enabling tar-
geted exploration with limited experimental
data.

• We validate the proposed framework on mul-
tiple LNP design tasks. The language model
achieves near-perfect reconstruction accuracy
with an extremely low invalid rate. The pre-
dictor consistently enhances ranking perfor-
mance, with average gains of approximately

10.8% and 8.1% for Top-10 and Top-5 identi-
fication accuracy, respectively. In generation
experiments, LiGen produces lipid candidates
that outperform existing optimization base-
lines by 30.7% on average.

2 Related Works

2.1 Encoder–Decoder Based Generation

Encoder–decoder based language models have be-
come a central paradigm in generative molecular
design (Merz Jr et al., 2020; Sahu et al., 2025;
Owoyemi and Medzhidov, 2023). These mod-
els learn latent representations of molecules that
can be decoded into valid chemical structures,
supporting tasks such as property-guided synthe-
sis, fragment assembly, and latent space optimiza-
tion (Blaschke et al., 2018; Abeer et al., 2024).
RetMol (Wang et al., 2023), which incorporates ex-
emplar retrieval to guide generation toward target
properties. LIMO (Eckmann et al., 2022) com-
bines variational autoencoder latent embeddings
with gradient-based property guidance to accelerate
the discovery of high-affinity compounds (Ochiai
et al., 2023). Most of these methods have been
developed and evaluated on small molecules or
general chemical libraries, focusing on exploring
chemical space efficiently and controllably (Kong
et al., 2022).

While encoder–decoder frameworks demon-
strate strong performance for small molecule gen-
eration, their direct application to lipid nanoparti-
cle (LNP) design is challenging. LNPs are multi-
component systems with complex combinatorial
compositions, where interactions among lipid types
and ratios influence delivery efficacy. The latent
spaces learned by small molecule models do not
directly capture these multi-component relation-
ships (Schiff et al., 2020), although the representa-
tion learning and controllable generation principles
inspire approaches for designing novel lipid formu-
lations.

2.2 Oracle Based Screening

Another line of work uses language models to pre-
dict properties of candidate molecules or formu-
lations and then filters or ranks them based on
predicted efficacy (Tran and Ekenna, 2023). In
the context of LNPs, transformer-based predictors
and multi-component feature models (Kumar and
Ardekani, 2025), such as COMET (Chan et al.,
2025), encode the composition and structural fea-
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tures of lipids to predict delivery effectiveness.
Other approaches employ machine learning mod-
els trained on experimental LNP datasets to rank
existing formulations or identify promising candi-
dates (Xu et al., 2024; Witten et al., 2025). These
methods have been effective in guiding experimen-
tal screening and improving candidate selection
without requiring full combinatorial searches.

A key limitation of prediction and screening-
based methods is that they do not actively generate
new candidates. They rely on existing libraries or
previously synthesized molecules, scoring or fus-
ing them to identify improved formulations. While
they provide useful guidance for formulation de-
sign and have informed subsequent generative ap-
proaches, they remain constrained by the chemical
space represented in their training data (Wei et al.,
2023). This motivates the development of models
capable of exploring the LNP design space more
broadly, combining representation learning, gener-
ation, and predictive guidance.

3 Methodology

Our overall objective is to provide a method LiGen
for formulation design that can generate improved
formulations guided by predicted delivery perfor-
mance. The language model encodes formulation
candidates into a latent space. It iteratively updates
these embeddings using a learned predictive model.
It then decodes the embeddings back into valid can-
didates. This process enables efficient exploration
of the formulation space.

LiGen consists of three key components that cor-
respond to this process. The molecular language
model LiCore (Section 3.1) is trained to encode
formulations into latent embeddings and decode
them back, ensuring accurate representation. The
predictor (Section 3.2) predicts how well the can-
didate will perform in terms of delivery efficiency.
The generator (Section 3.3) iteratively updates the
latent embedding along the direction signal and
decodes it, proposing improved formulation candi-
dates based on predicted performance.

3.1 Lipid-aware Molecular Language Model
Pretraining

We first train a language model that captures trans-
ferable structural representations of ionizable lipid
molecules for downstream prediction and genera-
tion tasks.

We adopt an encoder-decoder molecular lan-

guage model LiCore to learn transferable repre-
sentations of ionizable lipid molecules. Given a
SMILES sequence s, the model is trained to recon-
struct the original sequence through an autoencod-
ing objective:

h(s) = Dec(Enc(s)) = Dec(z) = ŝ, (1)

where
z = Enc(s) ∈ Rd, (2)

which is the latent embedding of the ionizable lipid.
ŝ denotes the reconstructed SMILES sequence pre-
dicted by the model. The training objective aims
to minimize the discrepancy between the predicted
sequence ŝ and the original sequence s.

During pretraining, each SMILES sequence is
first converted into a non-canonical form to intro-
duce structural diversity and serve as a form of data
augmentation, which has been shown to improve
the robustness of molecular representation learning.
Then we use token-level span masking to modify
the input sequence (Irwin et al., 2022). The bidi-
rectional encoder processes the modified sequence,
while the autoregressive decoder is trained to re-
construct the original SMILES.

To train the model, we minimize the difference
between the predicted sequence ŝ and the original
s using a sequence-level cross-entropy loss:

Lh(θ, s) = −
L∑

l=1

log pθ(sl | s<l), (3)

where L denotes the length of the sequence, pθ(sl |
s<l) is the probability of the l-th token predicted
by the decoder.

Inspired by recent large language models that
incorporate high-quality data at later stages of pre-
training, we further refine LiCore. We train LiCore-
FT on a smaller and task-specific set of ionizable
lipid molecules. This stage follows the same train-
ing objective and architecture as the base model,
differing only in the data distribution. It allows the
learned representations to better align with down-
stream LNP design.

3.2 Predictor for Multi-component LNP
Formulations

We introduce a predictor, denoted as g, to estimate
the delivery efficiency of LNP formulations under
specific cellular contexts. Formally, the prediction
target y ∈ R is a real-valued scalar, where larger
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Figure 2: Overview of the LiGen pipeline for lipid generation. Given an input lipid, LiCore encodes the molecule
into a latent embedding and iteratively updates it using a direction signal derived from a property predictor. The
predictor estimates delivery efficiency conditioned on formulation features and cell type. The optimized embedding
is then decoded to generate a new lipid with enhanced delivery efficiency.

values indicate higher delivery efficiency. In prac-
tice, y is obtained from standardized experimental
assays and serves as the supervision signal for train-
ing the predictor.

An LNP formulation is characterized by three
elements: the latent ionizable lipid (IL) embedding
z as defined in Eq.2, the formulation features F =
{r0, (c1, r1), (c2, r2), . . . , (ck, rk)}, and the target
cell line ϕ. Here, each cj is a categorical variable
indicating the type of a non-ionizable component.
Each rj is the corresponding molar fraction with∑

j rj = 1. r0 is the ratio of ionizable lipid. ϕ is a
discrete variable specifying the specific cell type.

Given a formulation (z,F) and cell line ϕ, the
model predicts the delivery efficiency:

ŷ = g(z,F , ϕ). (4)

It first maps each component in C through learn-
able embeddings and projections, then fuses the
resulting features along with the component ratios
in R to capture interactions between lipid types and
their relative fractions. The fused representation
is combined with a cell-specific scaling factor to
account for systematic differences across cell lines:

ŷϕ = ŷ · exp(αϕ), (5)

where αϕ is a learnable scalar associated with cell
line ϕ.

Let θg denote all learnable parameters of g, in-
cluding component embeddings, projection layers,
fusion network weights, and cell-specific scaling
factors. The predictor is trained by minimizing the

mean squared error between predicted and mea-
sured delivery efficiencies:

θ∗g = argmin
θg

1

N

N∑

i=1

(
ŷ
(i)
ϕi

− y(i)
)2
. (6)

3.3 Generator for Directed LNP Design
The generator explores the latent space of ioniz-
able lipid embeddings to propose candidate LNP
formulations.

It leverages the direction signal from the trained
predictor g, using the scaled predicted delivery effi-
ciency ŷϕ defined in Eq. (5). The direction signal
with respect to the IL embedding is computed as

∇zg(z,F , ϕ) = ∇z ŷϕ =
∂ŷϕ
∂z

. (7)

Let z(t) denote the IL embedding at iteration
t. The IL embedding is iteratively updated along
this gradient to increase the predicted delivery effi-
ciency:

z(t+1) = z(t) + η · ∇z ŷϕ, (8)

where η is a step size that controls the extent of
each latent-space update.

The updated embedding is decoded back to a
chemically valid SMILES sequence using the pre-
trained decoder (Eq. (1)):

ŝ(t+1) = Dec
(
z(t+1)

)
, (9)

where ŝ(t+1) is the generated candidate sequence.
This iterative procedure continues until either the

scaled predicted delivery efficiency exceeds a de-
sired threshold or a maximum number of iterations
Tmax is reached.
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Overall, the goal of our framework is captured
by

f(s,F , ϕ, η) = Dec
(
z+η ·∇zg(z,F , ϕ)

)
, (10)

which formalizes the process of iteratively updating
the latent embedding of a candidate formulation
along the gradient of the predictor and decoding it
to propose improved candidates.

4 Experiments

4.1 Settings
Datasets We pretrained LiCore on a large-scale
molecular corpus containing 900,351 ionizable
lipid structures, which we name LNP-Virtual900k.
This dataset was generated by computationally
applying publicly reported synthetic reactions to
commercially available substrates, following es-
tablished in silico reaction enumeration protocols.
It provides broad coverage of chemically feasible
lipid structures while respecting practical synthesis
constraints.

We further fine-tuned the model as LiCore-FT
using a downstream dataset of 12,467 ionizable
lipid molecules, which we refer to as LNP-Exp12k.
We collect these molecules from publicly avail-
able datasets reported in prior studies (Witten et al.,
2025; Xu et al., 2024). This fine-tuning stage
adapts the pretrained representation to downstream
prediction and generation tasks.

For downstream predictor training, we reor-
ganize several publicly available lipid formula-
tion datasets from prior studies. We refine for-
mulation annotations based on the original pub-
lications and train model on data from five dis-
tinct cell lines: HeLa, DC24, B16F10, Raw, and
A549 (Xu et al., 2024; Chan et al., 2025; Witten
et al., 2025). Ground-truth delivery efficiency val-
ues are obtained from wet-lab experimental assays
reported in the original studies, typically measured
via mRNA-mediated luciferase expression. These
measurements reflect complex biological processes,
including cellular uptake and endosomal escape.
As a result, learned predictors are commonly used
as surrogate evaluators in prior work. Detailed
dataset statistics and processing procedures appear
in the Appendix B.1 .

Baselines We evaluate our approach against sev-
eral baseline methods. We use the ChemFormer
(Irwin et al., 2022) to benchmark pretraining perfor-
mance. For prediction, we compare our predictor

with existing lipid nanoparticle predictors, includ-
ing LiON (Witten et al., 2025), AGILE (Xu et al.,
2024), and COMET (Chan et al., 2025). For opti-
mization, we compare against RetMol (Wang et al.,
2023), LiON (Witten et al., 2025), and AGILE (Xu
et al., 2024). Further details on the baselines appear
in Appendix B.2.

Evaluation Metrics For the pretrained language
model, we assess the quality of the learned repre-
sentations using a reconstruction task on a held-out
test set. Specifically, we quantify the similar-
ity between an input molecule and the molecule
reconstructed by decoding its latent embedding
(as defined in Eq. (1)). We compute similarity
using two widely used fingerprint-based metrics:
MACCS structural keys and topological finger-
prints (FP) (Rogers and Hahn, 2010). The MACCS
fingerprint (Durant et al., 2002) captures prede-
fined substructure features, while the topological
fingerprint encodes molecular connectivity patterns
based on hashed paths through the molecular graph.
The similarity scores are averaged over the eval-
uation set. In addition, we report the fraction of
generated molecules that are chemically invalid.

For the predictor, we use delivery efficiency as
the target label, which quantifies the effectiveness
of a lipid nanoparticle formulation in delivering its
payload to the target cells. We evaluate the oracle
using standard regression metrics, including mean
squared error (MSE), mean absolute error (MAE),
and Pearson correlation coefficient (Pearson, 1895).
In addition, we specifically assess the oracle’s abil-
ity to correctly identify the top-performing samples.
We report the fraction of samples in the top 50%,
10%, and 5% of true delivery efficiency that are
correctly classified by the model. This focus is
motivated by the inherent imbalance in real-world
data, where most samples cluster around average
delivery efficiency. Accurate identification of high-
efficiency formulations is critical, as these repre-
sent the most relevant and actionable candidates
for experimental validation.

For the generator, we select representative input
molecules as case studies and compare the deliv-
ery efficiency scores of newly generated molecules
produced by different methods. We evaluate
generation-based approaches by reporting the pre-
dicted delivery efficiency of the generated candi-
dates. For oracle-based screening methods that
cannot generate new molecules, we report their
evaluation scores on the original inputs to illustrate
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Table 1: Reconstruction performance on test datasets. LiCore achieves substantially improved reconstruction
accuracy compared to the baseline, and fine-tuning on experimental data further enhances reconstruction fidelity
while reducing the fraction of invalid molecules.

Test Dataset Model MACCS (%) FP (%) Invalid Ratio (%)

LNP-Virtual900k
Chemformer 79.10 71.09 2.46

LiCore 99.99 99.99 0.08
LiCore-FT 99.99 99.99 0.11

LNP-Exp12k
Chemformer 75.87 56.45 18.72

LiCore 94.51 92.65 0.49
LiCore-FT 99.99 100.00 0.00

their inability to explore beyond existing candidates

4.2 Results and Analysis

Performance of pretraining LiCore We first
evaluate the reconstruction performance of Chem-
former on the two test datasets, as summarized in
Table 1. Chemformer achieves relatively modest
results. MACCS and fingerprint similarities are
below 80% on both LNP-Virtual900k and LNP-
Exp12k. The fraction of invalid sequences is no-
table, especially on the experimental LNP-Exp12k
dataset, where nearly 19% of the outputs are invalid.
We analyze this and suggest that a model pretrained
on general molecular structures cannot fully cap-
ture the structural patterns of lipid molecules. This
limitation leads to lower reconstruction accuracy.

In contrast, LiCore, pretrained on the large LNP-
Virtual900k dataset, shows a clear improvement
over Chemformer. On the virtual dataset, MACCS
similarity increases by 20.9% and fingerprint simi-
larity by 28.9%, while the invalid ratio decreases by
2.35%. Even for the unseen LNP-Exp12k dataset,
reconstruction improves. MACCS similarity rises
by 18.6% and fingerprint similarity by 36.2%. The
invalid fraction drops by 18.2%. We believe this
improvement comes from the model learning lipid-
specific patterns during pretraining. This training
allows it to encode and decode lipid molecules
more accurately.

Fine-tuning LiCore on the experimental LNP-
Exp12k data further increases reconstruction per-
formance. On the LNP-Exp12k dataset, MACCS
similarity increases by 5.5% and fingerprint sim-
ilarity by 7.4% compared to LiCore pretrained,
while the invalid ratio decreases by 0.5%. Re-
construction on the virtual dataset show consis-
tent performance. This shows that fine-tuning
preserves the knowledge from pretraining while

adapting the model to high-quality experimental
molecules. Figure 3 summarizes the reconstruc-
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Figure 3: Comparison of reconstruction quality under
different pre-training strategies on two datasets. In each
subplot, the upper line plots reflect the trend of recon-
struction accuracy, measured by MACCS similarity be-
tween the original and reconstructed molecules. The
shaded distributions in the lower area illustrate the pro-
portion of invalid molecules generated by each model
at the corresponding molecular weight range.

tion behavior of different pre-training strategies
across a range of molecular weights. On both the
LNP-Virtual900k and LNP-Exp12k datasets, all
models exhibit high MACCS similarity for lower-
molecular-weight compounds, indicating reliable
reconstruction in simpler chemical regimes. As
molecular weight increases, Chemformer exhibits
increasingly unstable reconstruction behavior. This
instability is reflected in a clear decline in recon-
struction similarity between the original and re-
constructed molecules, accompanied by a rapid
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Table 2: Performance of the forward predictor across different datasets.

Cell Type Method MSE ↓ MAE ↓ r ↑ Top-50 (%) ↑ Top-10 (%) ↑ Top-5 (%) ↑
Raw AGILE 2.92 1.34 0.39 54.17 25.00 33.33

LiON 2.79 1.30 0.45 64.17 25.00 33.33
Ours 2.79 1.22 0.65 74.58 45.83 41.67

A549 AGILE 1.05 0.83 0.45 63.33 19.44 16.67
LiON 0.70 0.66 0.72 75.14 29.73 21.05
Ours 0.47 0.53 0.81 78.24 47.06 35.29

HeLa AGILE 0.62 0.63 0.32 57.52 36.36 18.18
LiON 0.52 0.57 0.46 65.49 52.17 33.33
Ours 0.70 0.62 0.51 65.83 45.83 50.00

B16F10 AGILE 0.03 0.13 0.40 65.38 27.42 9.68
LiON 0.02 0.11 0.67 75.00 44.44 40.62

COMET 0.07 0.21 0.42 60.58 27.42 19.35
Ours 0.02 0.10 0.75 72.56 57.81 37.50

DC24 AGILE 0.04 0.17 0.44 69.23 22.58 9.68
LiON 0.03 0.15 0.62 70.83 34.92 28.12

COMET 0.04 0.17 0.71 76.28 40.32 29.03
Ours 0.02 0.10 0.84 85.30 49.21 50.0
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Figure 4: Comparison between experimental and predicted efficiencies across five cell lines. Scatter plots illustrate
the agreement between predicted and experimental values, while distribution plots summarize the overall consistency
between predictions and measurements.

increase in the proportion of invalid outputs.

Notably, for molecules with molecular weights
exceeding 1000 Da, Chemformer frequently pro-
duces invalid molecules exclusively, resulting in
invalid ratios approaching 100%. In contrast, both
LiCore and LiCore-FT demonstrate substantially
more stable reconstruction performance across the
molecular weight spectrum, maintaining recon-
struction similarities close to unity. While these
two models achieve comparable reconstruction ac-
curacy, LiCore-FT shows a marked improvement
in molecular validity relative to LiCore, an effect

that is particularly pronounced on the LNP-Exp12k
dataset. These results indicate that the proposed
fine-tuning strategy effectively enhances molecular
validity without compromising reconstruction ac-
curacy, especially in chemically complex regimes.

Performance of Forward Predictor We evalu-
ate the performance of the prediction oracle across
multiple cell lines, as summarized in Table 2. Over-
all, our model reduces prediction errors compared
to baseline methods. For example, on the Raw cell
line, mean absolute error decreases by about 0.08,
while Pearson correlation improves by 0.14. Simi-
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Table 3: Comparison of generated molecules across different methods for the same original lipids. Some methods
do not actively generate molecules; for these, we only report the predicted values. Molecules generated by LiGen
generally achieve higher predicted scores and exhibit expected molecular lengths.

Method SMILES Score

(Ori) C1(C(=O)OCC)N=CC(CCCCCCC)(CCCCCCC)N1(CCN(CC)CC) 2.82

LiON - 2.52
AGILE - 1.92
RetMol CC1(C(=O)OCC)N=C(C(=O)OCC)N=C(CCCCCCCCCCCC)N1CCOCC 3.06
LiGen C1(C(=O)OCC)N=CC(CCCCCCC)(CCCCCCC)N1CCCCCCCC/C=C\CCCCCCCC 5.47

(Ori) N(CS(=O)(=O)c3ccc(C)cc3)C(=O)C(CCCCCCCCC)(CCCCCCCCC)NCCN(CC)CC 3.23

LiON - 3.12
AGILE - 3.00
RetMol CCN(C(=O)OC(C)(C)C)C/C=C/C(=O)OC/C=C/CCCCCCCCC 3.30
LiGen N(CS(=O)(=O)c3ccc(C)cc3)C(=O)C(CCCCCCCCCC)(CCCCCCCCCC)NCCN(CC)CC 5.19

(Ori) N(C(C)(C)C)C(=O)C(CCCCCCCCC)(CCCCCCCCC)NCCN(CC)CC 2.71

LiON - 2.79
AGILE - 2.49
RetMol CN(CCCCCCCCCCCCCCCCNC(=O)C(=O)NNC(C)(C)C)CC 3.14
LiGen N(C(C)(C)C)C(=O)C(CCCCCCCCCC)(CCCCCCCCCC)NCCN(CC)CC 3.91

larly, for A549, our model lowers MSE by roughly
0.23 and raises Pearson r by 0.09 compared to the
best baseline. These improvements suggest that the
model can better capture the relationship between
molecular features and delivery efficiency.

We also observe that our model identifies high-
efficiency molecules more reliably. The predic-
tor improves the fraction of correctly identified
molecules across ranking thresholds, with average
gains of approximately 4.1%, 10.8%, and 8.1% for
the Top-50, Top-10, and Top-5 fractions, respec-
tively. We analyze this and attribute it to the model
learning more precise patterns in the latent space,
allowing it to distinguish the most promising for-
mulations even when the dataset is imbalanced and
most samples are near average efficiency.

Figure 4 shows the relationship between exper-
imentally measured and model-predicted efficien-
cies across five different cell lines. For all cell types,
the predicted values exhibit clear positive correla-
tions with experimental measurements, indicating
that the model captures the overall trends across
diverse biological contexts. Although the strength
of correlation varies among cell lines, the predicted
distributions largely overlap with the experimental
ones, suggesting good agreement at the population
level. These results demonstrate that the proposed
model achieves robust and consistent predictive

performance across multiple cellular systems.
The improvements are consistent across differ-

ent cell types, indicating robust predictive per-
formance. The overall trend shows reduced er-
ror and higher correlation. This suggests that,
for structured biochemical design tasks such as
LNP formulation, aligning pretraining data with
domain-specific structural patterns is critical for en-
abling effective representation learning and down-
stream optimization. This insight highlights the
importance of domain-specific pretraining in low-
resource, high-complexity scientific applications.

Performance of Optimization As summarized
in Table 3, we compare (1) generative methods
and (2) oracle-based screening methods, which
are included to highlight the limitations of non-
generative approaches. Methods that rely solely
on predictive screening, such as LiON and AG-
ILE, can only evaluate existing molecules and show
limited improvement over the original compounds.
Their selection remains confined to the provided
chemical space and does not actively explore new
molecular variations.

For active generation methods, RetMol tends to
produce molecules resembling conventional small
molecules due to its generic modeling approach,
which limits its suitability for LNP design. In con-
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trast, LiGen generates lipid candidates that consis-
tently achieve higher predicted scores while main-
taining appropriate molecular lengths. Across all
evaluated samples, LiGen improves predicted val-
ues by an average of 30.7% compared to RetMol
and achieves improvements exceeding 50% on sev-
eral representative examples, as illustrated in Ta-
ble 3. These results highlight the superior ability of
LiGen to explore the chemical space and generate
molecules that are better aligned with the objectives
of LNP design.

5 Conclusion

We present a method, LiGen, for active lipid
molecule generation to guide the design of im-
proved LNP formulations. It leverages a lipid-
specific language model, LiCore, and a trained
predictor to guide latent-space exploration. LiGen
generates novel lipid candidates efficiently. This
approach shows the potential of combining genera-
tive modeling with predictive guidance.

Limitations

While LiGen demonstrates promising results in
LNP design, several limitations remain. The opti-
mization relies on surrogate predictions rather than
experimental validation, which may lead to discrep-
ancies between predicted and actual performance,
particularly for rare or out-of-distribution candi-
dates. Appendix C discusses how future studies
might explore active learning strategies to address
this limitation. Moreover, we have not yet incorpo-
rated additional constraints during the generation
process. In principle, LiGen allows exploration of
adding more design considerations during genera-
tion to generate improved candidates.
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A Background

As shown in Figure A.1, LNP formulations typ-
ically comprise multiple components, including
ionizable cationic lipids (IL), helper lipids such as
phospholipids (HL), sterol lipids (SL), and PEGy-
lated lipids (PEG) (Catenacci et al., 2024; Albert-
sen et al., 2022). Among these, ionizable lipids are
the most structurally diverse and play a dominant
role in delivery performance (Yang et al., 2022; Sui
et al., 2025).

Main Component

Ionizable lipids

PEGylated lipidsPhospholipids

Sterol lipids

+

+
LNP

CH

IL SL

PEG

Figure A.1: Four Components of LNP.

B Experimental Details

B.1 Datasets

For downstream predictor training, we reorganize
and curate several widely used public datasets pro-
posed in prior work, including AGILE (Xu et al.,
2024), COMET (Chan et al., 2025), and LiON
(Witten et al., 2025). These datasets were orig-
inally reported across multiple studies with het-
erogeneous experimental settings. We system-
atically restructure them according to cell-line-
specific transfection experiments and refine the
associated formulation information based on de-
scriptions in the original publications. In total, five
cell lines are considered: HeLa, DC24, B16F10,
Raw, and A549. Specifically, HeLa data are ob-
tained from the LiON dataset (LiON-LM_3CR),
DC24 and B16F10 data are extracted from the
COMET dataset using target-specific attributes
(COMET-in_house_lnp_DC24_luc and COMET-
in_house_lnp_B16F10_luc), Raw macrophage data
are selected from AGILE based on experiment-
specific column identifiers (AGILE-expt_Raw),
and A549 lung carcinoma data are collected
from LiON using screen identifiers (LiON-
A549_form_screen). This reorganization enables
consistent evaluation across datasets and cell lines
while preserving the experimental context defined
in the original studies.

B.2 Baselines

The following provides detailed descriptions of the
baseline models considered in our study.

• Chemformer (Irwin et al., 2022): A
Transformer-based model pretrained on
SMILES representations of molecules and ap-
plied to both sequence-to-sequence and dis-
criminative cheminformatics tasks. Chem-
former benefits from self-supervised pretrain-
ing to improve performance and accelerate
convergence on downstream tasks such as syn-
thesis and retrosynthesis prediction as well as
molecular optimization.

• LiON (Witten et al., 2025): An AI-guided op-
timization framework trained on activity mea-
surements of ionizable lipids. LiON employs
directed message-passing neural networks to
evaluate and screen large libraries of virtual
lipid structures, identifying candidates with
enhanced delivery performance.

• AGILE (Xu et al., 2024): A platform com-
bining combinatorial chemistry with neural
network-based screening. AGILE accelerates
the design and evaluation of lipid candidates
across diverse cell lines.

• COMET (Chan et al., 2025): A transformer-
based model encoding multimodal formu-
lation features, including molecular struc-
tures and compositional ratios. COMET pre-
dicts formulation efficacy from large LNP
datasets such as LANCE and outperforms tra-
ditional machine learning baselines in identi-
fying high-efficacy formulations.

• RetMol (Wang et al., 2023): A generative
framework that steers a pretrained generative
model using exemplar molecules retrieved
from a task-specific database. RetMol fuses
retrieved exemplars with input molecules and
iteratively refines generations, enabling con-
trollable optimization toward given design cri-
teria across multiple tasks without extensive
task-specific fine-tuning.

B.3 Pretraining Details

We pretrained LiCore on a large lipid-focused
molecular dataset containing over 900,000 ioniz-
able lipids using a masked reconstruction objec-
tive, using one A800 GPU. The model follows a
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BART-style encoder-decoder architecture with 8
transformer layers, 16 attention heads, a model di-
mension of 1024, and a feedforward dimension of
4096. Training was conducted with a batch size of
16 across 4 GPUs for 100 epochs. The learning rate
was set to 0.1 with a transformer-based scheduling
strategy and 800 warm-up steps.

Encoder

C=CCOC CCCN C=CCOC(=O)CCCN(CCO)MASK MASK

Decoder

C=CCOC(=O)CCCN(CCO)

START

END

900k+ mols + 12k+ mols
pretrain finetune

IL Molecular Library

b

Embedding

Figure B.1: Schematic of the pretraining procedure for
LiCore. The lipid-focused language model is trained on
a large molecular corpus using a masked reconstruction
objective, learning latent representations that capture
structural patterns of ionizable lipids.

Figure B.1 illustrates the pretraining process of
LiCore. The model is trained on LNP-Virtual900k.
During training, input sequences were partially
masked following a span masking scheme with
a probability of 0.1. The model learned to recon-
struct the original sequences from the masked in-
puts, thereby capturing structural patterns specific
to lipid molecules. During training, validation loss
and reconstruction metrics were monitored, and
checkpoints were saved periodically.

After pretraining, LiCore was further fine-tuned
on LNP-Exp12k to adapt to high-quality experi-
mental distributions, following the same configs.

B.4 Predictor Details
The predictor model adopts a multi-component fu-
sion architecture, where embeddings of the ionic
liquid (IL) SMILES are processed via a 1D convo-
lutional layer with 256 output channels, followed
by adaptive max pooling and a linear projection.
Helper lipids (HL), cholesterol (CH), and polyethy-
lene glycol (PEG) components are represented by
categorical embeddings with dimensions 32, 16,
and 16 respectively, concatenated with their molar
ratios, and projected through separate linear lay-
ers. The resulting component features are fused
and passed through a two-layer feedforward net-
work to produce the base prediction. To account for

dataset-specific value ranges, a dataset-scale head
is applied, which predicts a nonlinear scaling fac-
tor for each dataset, allowing consistent regression
across multiple datasets.

The model is trained using a mean squared error
loss in the standardized target space. The IL em-
bedding dimension is 1024, and the component pro-
jection dimensions are 128 for IL and 64 for other
components. The training employed an Adam op-
timizer with learning rate 1× 10−3, batch size 32,
and up to 100 epochs. During training, component
sequences are padded to the maximum sequence
length in the batch, and target standardization is
computed per dataset to stabilize optimization. La-
bel encoding for HL, CH, and PEG types includes a
padding token to handle variable-length component
lists. The predictor is implemented in PyTorch and
integrated with Chemformer embeddings, which
are obtained from LiCore.

B.5 Generation Details

Initially, IL SMILES strings were encoded using a
pre-trained Chemformer encoder, producing token-
level embeddings for each molecule. These em-
beddings were padded or truncated to a consistent
length to ensure compatibility with downstream
models.

The optimization procedure focused exclusively
on the IL embeddings while keeping all other com-
ponent representations fixed. For each sample, the
embedding tensor was set as a learnable parameter,
and an Adam optimizer was employed with a learn-
ing rate of 5e-3 over 40 steps. At each step, the
model predicted the target property from the cur-
rent IL embedding, and the negative prediction was
used as a direction signal to maximize the property.
Gradient clipping (max norm 5.0) was applied to
stabilize updates.

After each optimization step, the updated embed-
ding was decoded back into a SMILES string using
beam search (beam size 3). The decoded SMILES
was then re-encoded to obtain a refined embed-
ding, which was used to compute the property pre-
diction again. This decode-and-reencode loop al-
lowed the optimization to explore chemically valid
modifications while maintaining the embedding in
the model’s latent space. The SMILES string that
yielded the highest predicted value across all steps
was retained as the optimized candidate.
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C Future Work

We plan to extend our framework towards an active
learning paradigm that tightly integrates experimen-
tal feedback. By iteratively incorporating wet-lab
results, the model can refine its predictions and
guide the generation of formulations with increas-
ingly improved performance. Moreover, we aim
to deliberately propose candidates with lower pre-
dicted scores but higher structural novelty, enabling
broader exploration of the formulation space and
mitigating potential biases or gaps in the existing
dataset. This approach promises a more compre-
hensive and data-efficient strategy for LNP design.
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