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The RNA medicine revolution has been spurred by lipid nanoparticles
(LNPs). The effectiveness of an LNP is determined by its lipid components
and their ratios; however, experimental optimizationis laborious and

does not explore the full design space. Computational approaches such as
deep learning can be greatly beneficial, but the composite nature of LNPs
limits the effectiveness of existing single molecule-based algorithms to
LNPs. Addressing this, our approach integrates the multi-component and
multimodal features of composite formulations such as LNPs to predict
their performance in an end-to-end manner. Here we generate one of the
largest LNP datasets (LANCE) by varying LNP formulations to train our deep
learning model, COMET. This transformer-based neural network not only
accurately predicts the efficacy of LNPs but is adaptable to non-canonical
LNP formulations such as those with two ionizable lipids and polymeric
materials. Furthermore, COMET can predict LNP performanceina cellline
outside of LANCE and predict LNP stability during lyophilization using only
small training datasets. Experimental validation showed that our approach
canidentify LNPs that exhibit strong protein expressioninvitro and in vivo,
promising accelerated development of nucleic acid therapies with extensive
potential across therapeutic and manufacturing applications.

For clinical', logistical’and translational®success, most drug substances
areformulatedinto drug products with multiple ingredients. Our analy-
sis shows that, on average, eight excipients are present in commercial
products*. Given choices of ingredients and their ratios, formulation
design presents a vast searchspace. While high-throughput approaches
exist’ %, theybecomeintractable withincreasing formulation complexity.

Deep learning, abranch of machinelearning suited for multifacto-
rial data, can help address this challenge. Although widely used in drug
discovery and materials science’ ™, its application to multi-component
drug products is limited. We apply deep learning to RNA-based lipid

nanoparticles (LNPs), a promising class of drug products™™, under-
scored by the success of SARS-CoV-2 messenger RNA vaccines™ 8. LNPs
comprise four lipid classes, each crucial for cytosolic RNA delivery™'*".
Their function depends on lipid structures and ratios** %, with compo-
sition requiring re-optimization per application*.

Giventhese challenges, early efforts applying machine learning to
drug delivery have emerged, including recent work from our group*
and others®. As lipid chemical structure has a major impact on trans-
fection, aline of modelling approaches focus primarily on individual
molecules®*, These approaches have been remarkably successful in
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identifying new lipids and chemical substructures, which would oth-
erwise not be expected to produce high transfection efficacy*. Some
models rely on manually selected features such as physicochemical
properties® %, These face limitations: restricted LNP scope, underuse
of raw data, synthetic feasibility constraints and lack of formulation
composition insights. To unlock deep learning’s full utility for LNP
design, amodel must represent complete formulations and generalize
across predictive scenarios.

We introduce the Composite Material Transformer (COMET),
which encodes molecular structures, molar percentages and synthesis
parametersinatransformer-based architecture. COMET is trained on
the Lipid—-RNA Nanoparticle Composition and Efficacy (LANCE) dataset
of over 3,000 LNPs, including those with dual-ionizable lipids. COMET
accurately predicted excluded samples and, via in silico screening of
50 millionvirtual LNPs, identified top candidates with high invitroand
invivo expression. Unlike lipid-focused models, COMET showed versa-
tility with polymeric materials, predicting efficacy from limited data.
Using two smaller datasets (~10% of LANCE)—one in a gastrointestinal
cellline, another post-lyophilization—we demonstrate COMET’s robust
adaptability. With its flexibility and broad utility, COMET promises to
accelerate complex drug product development.

Results

LNP design with COMET

Composite materials such as LNPs comprise multiple components
defined by the identity of constituent compounds, their relative ratios
and formulation parameters such as nitrogen-to-phosphate (N/P) and
mixing ratio (Fig.1a). Previous studies often focused on a single com-
ponent (for example, ionizable lipid)*; by contrast, we developed
COMET to holistically represent LNPs and predict their efficacy viaa
flexible neural architecture (Fig. 1b). Lipid structures are encoded into
molecularembeddings, while molar percentages are transformed into
compositionembeddings. These are concatenated to represent each
lipid. Formulation-wide features, such as N/P and phase mixingratios,
are also embedded and fed into the model (Methods).

COMET adopts a transformer design similar to language models
such as ChatGPT***, where chemical components and formulation
features actasdiscrete tokens. Itaccommodates arbitrary numbers of
components, including dual-ionizable lipid formulations. An LNP-level
Classify ([CLS]) token attends to component and formulation vec-
tors via self-attention’?, with the final prediction made through a
task-specific prediction head. For multitask learning, distinct CLS
tokens and heads are used per task to capture differences across cell
types while sharing model knowledge.

Totrain COMET, we use a pairwise ranking objective thatlearns to
rank LNPs by efficacy (Methods). Noise augmentation improves robust-
ness against experimental noise, and alabel margin captures efficacy
differences. In multitask settings, CAGrad helps align gradients across
tasks®. We further enhance performance with an ensemble of COMET
models, especially beneficial in low-data regimes®**.

LANCE dataset

To train COMET, we developed a high-throughput pipeline to gener-
ate the LANCE dataset. Each LNP in this dataset encapsulated a firefly
luciferase (FLuc) messenger RNA (mRNA), and transfection efficacy was
quantified by bioluminescence readouts. The LNPs were synthesized
using automated fluid handling and tested in vitro. The LANCE data-
set spans a wide design space structured in four parts: lipid identities
(parts1land?2), synthesis parameters such as N/P and aqueous/organic
mixing ratio (part 3), and lipid molar percentages (part 4) (Fig. 1c).
Thirteen distinct molar ratios were used (Fig. 1d and Supplementary
Table13), generating over 6,000 labelled data points, including 3,028
LNPs evaluated in mouse DC2.4 and B16-F10 cells. Bioluminescence
values were log-transformed and normalized between 0 and 1. Full
methodological details are in Methods.

In DC2.4 cells, LNPs with CKK-E12 or C12-200 as ionizable lipids
outperformed those with DLin-MC3-DMA (Fig. 2a). Helper lipids
(for example, 1,2-dioleoyl-sn-glycero-3-phosphoethanolamine
(DOPE)), sterols (cholesterol/beta-sitosterol) and polyethylene gly-
col (PEG) lipids (C14-PEG) also had substantial effects on efficacy.
Hence, the LANCE dataset successfully captured these previous
observations™*****, Molar ratios had notable but formulation-specific
effects on efficacy; no single ratio consistently outperformed across
all lipid combinations. This highlights the need for context-specific
optimization. Altering aqueous/organic phase ratios from 3:1to 1:1
affected efficacy in helper-lipid-rich LNPs (Fig. 2b), although the
effect diminished at lower helper lipid content (Fig. 2c) and was neg-
ligible for1,2-distearoyl-sn-glycero-3-phosphocholine (DSPC)-based
formulations. The N/P ratio, by contrast, showed no clear efficacy
association (Fig. 2d). We further evaluated five-component formula-
tions by adding a second ionizable lipid (3:2 ratio) alongside DOPE,
cholesterol and C14-PEG. Potent ionizable lipids such as CKK-E12
and C12-200 enhanced weak lipids such as L319 or DLin-MC3-DMA
(Fig. 2e). Notably, CKK-E12/L319 combinations outperformed both
CKK-E12-only and dual-strong-lipid pairings, particularly at25% total
ionizable lipid content.

Cross-cell line comparison of DC2.4 and B16-F10 results revealed
772 formulations that werein the top 30th percentilein both (Fig. 2f),
commonly containing C12-200, DOPE, cholesterol and C14-PEG.
Formulations with selective activity were also identified: SM102
appeared frequently in DC2.4-high but B16-F10-low cases, while
DC-cholesterol was enriched in the opposite group. In summary,
transfection efficacy is governed not only by lipid identities but also
by molar ratios and synthesis conditions—motivating the need for
models such as COMET that canintegrate and learn from multifacto-
rial design spaces.

Performance of COMET

We evaluated COMET on arandom 20% test split of LNPs, with 10%
used for validation and the remaining 70% for training. When trained
to predict DC2.4 efficacy, COMET accurately ranked the test samples,
achieving aSpearman coefficient of 0.873 and a Pearson coefficient of
0.866 (Fig. 3a). To simulate amore realistic drug discovery scenario, we
curated a ‘hits-test’ split where the top 10% of DC2.4 LNPs were with-
held as ‘hits’, alongside a random 10% of ‘non-hits. COMET retained
strong predictive power, yielding aSpearman coefficient of 0.725 and
aPearson coefficient of 0.820 (Fig. 3a). Its ability to classify ‘hits’ into
the top half of ranked predictions reached 79.6% accuracy.

Inamultitask learning set-up using both DC2.4 and B16-F10 labels,
COMET’s performance improved on the DC2.4 test set, achieving a
Spearman of 0.762 and a Pearson of 0.860 (pairwise ranking objec-
tive + multitask) model; Supplementary Fig. 1). These improvements
scaled with the size of the additional B16-F10 data (Supplementary
Fig. 2), highlighting the benefit of shared representation learning
across related tasks®®. We performed ablation studies to understand
the contribution of each modelling component. Replacing the pair-
wise ranking objective with a regression objective slightly reduced
performance (Fig. 3b,c). Model enhancements—ensemble learning,
noise augmentation, label margin and CAGrad regularization—each
contributed to performance gains, withensembling having the greatest
effect (Fig.3b,c). Gains from ensembling plateaued beyond five models
(Supplementary Fig. 3), and so we used an ensemble of five COMETs
forallinsilico screening.

To probe whether COMET learns meaningful structure-activity
relationships, we performed adversarial perturbations. When lipid
identities in training samples were partially shuffled, model perfor-
mance degraded monotonically (Supplementary Fig.4). More aggres-
sive shuffling acrosslipid classesled toafurther drop, and corrupting
additional formulation parameters (for example, N/P ratio, molar %
and phase ratios) impaired performance even more (Supplementary
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Fig.1| COMET predicts an LNP’s efficacy by inferring its formulation-wide
properties, components’ molecular structures and compositions. a, LNPs are
synthesized by mixing nucleic acid (for example, mnRNA) with alipid solution
typically composed of four lipid classes. Key properties, such as efficacy,
depend not only on the lipids’ structure but also on their relative ratios and
other mixing parameters (for example, N/P and aqueous/organicratio). b,
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COMET can predict properties of composite materials such as LNPs from their
components, compositions and other parameters. ¢, With high-throughput
screening, COMET’s training data are made up of four parts, each spanning a
complementary LNP formulation space. d, Thirteen lipid molar ratios used in the
majority of the LNP training dataset. Created with BioRender.com.

Fig.5). COMET’s generalizability was tested by excluding LNPs contain-
ing selected ionizable lipids (MC3, SM-102 and CKK-E12) and a sterol
(beta-sitosterol) from training. The model maintained good perfor-
mance on this chemically distinct test set, with Pearson/Spearman
correlations of 0.779/0.776 for DC2.4 and 0.502/0.509 for B16-F10
efficacy prediction (Supplementary Fig. 6a,b).

Lastly, we compared COMET against simpler baselines. Both ran-
dom forest and COMET outperformed k-nearest neighbours, with
COMET’s single-model performance comparable to random forest
(Supplementary Fig. 7). An ensemble of COMETs offered improved

correlation metrics for both celllines, although top 50% classification
accuracy remained similar to that of random forest.

To determine whether COMET learns transfection efficacy rather
thanproxying classicLNP properties, we analysed correlations between
COMET predictions and nanoparticle characteristics such as encap-
sulation efficiency, size, polydispersity and zeta potential. COMET’s
predictions were only weakly correlated with these properties—except
for particle size (correlation 0.6530)—but were highly correlated with
actual transfection data (>0.95; Supplementary Figs. 8 and 9). This
confirmsthat COMET predicts efficacy itself, not just physical proxies.
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and stability. a, Structure of branched PBAEs. b, Incorporation of PBAE along
with LNP featuresin COMET’s inference. c,d, Evaluation of COMET’s performance
on PBAE LANCE test set and its subset containing only PBAE LNPs, in predicting
DC2.4 efficacy (c) and B16-F10 efficacy (d). e, Effect of PBAE LNP training data size
on predictive performance, averaged over both cell lines. f-i, In vitro validation
oflead optimizationin silico PBAE LNP candidates compared with the original
LANCE PBAE hit and baseline LNPs for DC2.4 (f,g) and B16-F10 (h,i) cells.j k,
Evaluation of COMET’s performance on predicting LNPs’ efficacy in Caco-2,

with Spearman (j) and Pearson (k) correlation.l,m, Evaluation of COMET’s

performance on predicting LNPs’ efficacy in delivering IL-15 mRNA payload

to HepG2, when evaluated as ensembles of five models, with Spearman (I) and
Pearson (m) correlation. n,0, Evaluation of COMET’s performance on predicting
degradation of LNPs’ efficacy after lyophilization, with Spearman (n) and Pearson
(o) correlation. Twenty replicates were used for evaluationinc,d and j-o,

except for Ensemble-5, which has four replicates. Error bars are s.e.m. Statistical
significances in f-i were determined using a one-way ANOVA with post-hoc Tukey
test. Statistical significances inj, k, nand o were determined using a one-way
ANOVA with post-hoc Dunnett test. Statistics in land m were determined using
unpaired two-tailed ¢-test. Panels aand b created with BioRender.com.
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B16-F10 (d) and the SM-102 clinical baseline LNP at the same three timepoints.
Four biological replicates were used for MC3 formulation, while seven to eight
biological replicates were used to evaluate the other formulationsinb. Error bars
ares.e.m. Statistical significances in b were determined using a one-way ANOVA
with post-hoc Dunnett test.

Experimental validation of COMET insilico hits

To evaluate COMET’s ability to discover effective formulations beyond
LANCE, we screened a virtual library of nearly 50 million LNPs and
validated selected in silico ‘hits’ experimentally (Fig. 3). Exploratory
hits were chosen by excluding LNPs similar to top-performing LANCE
formulations and then selecting chemically diverse candidates pre-
dicted by COMET to be highly efficacious (Methods, Fig. 3d and Sup-
plementary Fig.10).

Allexploratory hits outperformed clinically approved LNPs* (SM-
102 (ref.15), ALC-0315 (ref. 16) and DLin-MC3-DMA*°) in both DC2.4
and B16-F10 cells (Fig. 3e,f). The top DC2.4 exploratory hit matched
two of three top LANCE hits (Supplementary Fig. 11), while the best
B16-F10 exploratory hit exceeded all three LANCE hits tested (Sup-
plementary Fig.12).

We next evaluated COMET’s ability to refine existing leads. Around
selected LANCE hits, virtual candidates were generated by modifying
lipid ratios, substituting components or changing N/P ratios (Methods
andFig.3d).InDC2.4, COMET identified optimized formulations out-
performing their parentin two of three cases (Fig. 3g-i); in B16-F10, all
three optimized LNPs outperformed their respective parents (Fig. 3j-1).

Adapting to new materials

To assess COMET’s adaptability beyond lipids, we extended it to
branched poly(beta-amino esters) (PBAEs)** (Fig. 4a), a class of poly-
mers. A dataset of 454 polymer-LNPs (13 unique PBAEs) was added
to LANCE. Each PBAE was represented by its diacrylate-amine unit

and branching agent (Methods and Fig. 4b). In the ‘hits-test’ setting,
COMET achieved Spearman coefficients of 0.767 (DC2.4) and 0.756
(B16-F10) (Fig. 4c,d). Notably, PBAE LNPs represented only 13% of the
training data.

Evenwhentrained onjust17 PBAE LNPs plus LANCE data, COMET
achieved a mean Spearman of 0.660 across both cell types, improv-
ing to 0.824 with the full 352-sample PBAE set (Fig. 4e). We selected
top-performing PBAE LNPs for further optimization using COMET
(Methods). Optimized candidates showed higher efficacy than their
parent formulationsin both DC2.4 cases (Fig. 4f,g) andin one B16-F10
case (Fig. 4h,i).

Adapting to new target cell and payload

Toevaluateits capability to adapt toanew cell type, COMET was tested
onadataset of 295 LNPs screened in human Caco-2 cells. Activity poorly
correlated withmouse cells (Supplementary Fig. 15), indicating aneed
forlearning-based formulation strategies to quickly identify new for-
mulations that are optimal for new settings. COMET trained on Caco-2
dataachieved aSpearman coefficient of 0.639, whichimproved to 0.713
with LANCE multitask training, and to 0.794 (Pearson 0.806) using a
five-model ensemble (Fig. 4j,k).

We further tested COMET on HepG2 cells transfected with inter-
leukin (IL)-15 mRNA using 98 LNPs. With multitask ensemble training,
we observed strong predictions (Pearson 0.709 and Spearman 0.775;
Fig.4l,m). Additional LANCE data did notimprove single-model accu-
racy (Supplementary Fig. 16) but enhanced ensemble performance
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for the choice of molecule (i) and molar percentage (j). k, COMET’s feature
importance of LNP’s lipid molecule choice, N/P ratio and molar compositionin
the prediction of DC2.4 efficacy.l,m, Feature importance, broken downinto lipid
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Fig. 6 | Interpreting COMET. a-g, t-SNE visualization of COMET representations
of 10K virtual LNPs, each sample coloured by its predicted efficacy or feature
value, thatis, predicted DC2.4 (a) and B16-F10 (b) efficacy, ionizable lipid choice
(c), cholesterol choice (d), N/P ratio (e), ionizable lipid molar percentage (f) and
cholesterol molar percentage (g). h, COMET’s feature importance of LNP’s lipid
molecule choice, N/P ratio and molar composition in the prediction of DC2.4
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(Fig.4l,m), likely owing toincreased diversity among the COMET mod-
els when trained with additional LANCE data.

Applicationin stabilization of LNPs

To address the instability of LNPs at ambient temperatures, we trained
COMET to predict efficacy loss post-lyophilization (Methods). We
synthesized 168 LNPs with variable lipids and 20% (w/v) sucrose as the
stabilizer. Post-lyophilization data (Supplementary Fig. 17a) revealed
that top performersincluded CKK-E12 and C12-200 as ionizable lipids,
and DOPE as the helper lipid. Interestingly, these were not always top
performers pre-lyophilization. DC-cholesterol-containing LNPs ranked
higher post-lyophilization. Using 148 samples for training/validation
and 20 for testing, COMET achieved aSpearman of 0.492. With LANCE
multitask data, this increased to 0.705, and to 0.788 with five-model
ensembles (Fig. 4n,0).

Invivo screening of in silico hits

We selected one hit from each virtual LNP group (‘Experimental valida-
tion of COMET inssilico hits’section) forin vivo validationin mice. Com-
pared with DLin-MC3-DMA and SM-102 clinical benchmarks, COMET
hits yielded >40-fold and >5-fold higher bioluminescence, respectively
(Fig. 5a,b), with faster transfection kinetics (Fig. 5¢). Top-performing
COMET hits (DE-4, DO-388-1and BE-1) also had higher encapsulation
efficiency (Supplementary Fig.19a) and lower cytotoxicity than SM-102
(Supplementary Fig. 20).

In1:1invivo comparisons with LANCE top hits, COMET-optimized
LNPs matched DC2.4 benchmarks (Supplementary Fig. 18a,b), but
underperformed slightly in B16-F10 (not significant), possibly owing
to poor correlation between in vitro B16-F10 data and subcutaneous
invivo response (Supplementary Fig.18c,d).

Interpretation of COMET’s predictions

We used t-distributed stochastic neighbour embedding (t-SNE) to
visualize how COMET encodes LNP compositional features to predict
efficacy. As shown in Fig. 6a,b (for virtual LNPs) and Supplementary
Fig. 22 (for LANCE LNPs), high-efficacy LNPs form distinct regional
clusters within COMET. Notably, a green cluster contains LNPs effica-
cious in both DC2.4 and B16-F10, while yellow and blue clusters are
specificto DC2.4 and B16-F10, respectively (Fig. 6a). Althoughionizable
lipid choices vary within each group, the DC2.4-specific cluster has a
higher prevalence of SM-102 (Fig. 6¢c), and the B16-F10-specific cluster
contains more LNPs with DC-cholesterol (Fig. 6d). The green cluster
is enriched in high N/P ratio (25-30) formulations (Fig. 6e). Some of
these patterns were observed in the LANCE data (Fig. 2), but others
emerged only through COMET’s predictions.

Ingeneral, DOPE and C14-PEG are dominant among highly scored
LNPs, suggesting that they are more optimal than DSPC and C18-PEG.
Beta-sitosterolis overrepresented in high-scoring LNPs (Fig. 6d), sup-
porting previous findings***>***. Two composition trends stood out:
ionizable lipid % above 50% (Fig. 6f) and sterol % below 10% (Fig. 6g)
were bothdetrimentalto efficacy. Additional LNP feature visualizations
areshownin Supplementary Fig. 21.

Usingintegrated gradients®, we identified features mostinfluen-
tial to COMET’s predictions (Methods). For DC2.4, lipid identity was
the most important factor, followed by N/P ratio and molar percent-
ages (Fig. 6h). Among lipid classes, PEG lipid choice had the highest
influence (Fig. 6i), indicating that switching from C18-PEG to C14-PEG
improves efficacy predictions. lonizable lipid choice was the next most
critical, consistent with previous work'>*¢"*%, For molar composition,
ionizable and helper lipid percentages were most impactful (Fig. 6j).
Similar trends held for B16-F10 (Fig. 6k-m), except that helper lipid
choice ranked sslightly higher thanionizable lipid choice.

We also analysed interactions between PBAE (Supplementary
Section A.1) and synergisticionizable lipid combinations (Supplemen-
tary Section A.2) with other formulation features. These interactions

revealed that optimal material choices and molar percentages depend
notonly onthetarget cell type but also on the broader compositional
context of the formulation.

Conclusion

The design of COMET is motivated by the importance of not only the
molecular structure of individual ingredients (for example, lipids)
indrug products but also the interactions among compounds and
their relative ratios. Its transformer-based architecture integrates
multimodal features—including molecular structures, molar percent-
ages and synthesis parameters—into a unified artificial intelligence
framework. This enables COMET to learn LNP formulation featuresin
adata-driven manner, without relying on manually selected physico-
chemical descriptors”?%, COMET accurately predicts LNP efficacy after
training on LANCE, one of the largest LNP datasets so far**~*, and can
distinguish top formulations from less efficacious ones.

While COMET consistently outperforms k-nearest neighbours, its
advantage over random forest depends on dataset size and complex-
ity. As larger, more diverse datasets emerge—especially with broader
lipid chemistries—COMET’s deep learning architecture will likely offer
increasing benefits. High-throughput methods are poised to acceler-
ate this growth.

COMET’s flexible input format enables exploration of
non-canonical formulations, such as dual-ionizable lipid LNPs or
polymer-lipid hybrids (for example, branched PBAEs). It can screen
massive virtual libraries to find formulations that differ substantially
from known hits yet yield high performance—such as the L319-based
BE-1LNP. As LNP designs grow in complexity, COMET makes discovery
more tractable.

Inlead optimization, COMET identified stronger formulationsin
two out of three cases. In the one failure (LA-580), the parent formula-
tionalready had very high efficacy (Fig. 3h). This highlights that while
COMET distinguishes top from mediocre LNPs well (‘Performance
of COMET’ section), optimizing within a high-performing region
requires even greater discriminative power. Adding more data from
high-performing LNPs—especially through active learning—could
improve this. COMET-predicted hits were validated acrossin vitroand
invivo settings. Since COMET is trained on in vitro data, and in vitro-
in vivo correlation is known to be weak for LNPs*>*°, not all predicted
hitswill succeed in vivo. Future integration with in vivo screening data*®
may improve performance.

Beyond efficacy, COMET also predicts formulation stability
post-lyophilization, despite limited data. This accuracy improves
with multitask training using LANCE. Similar gains were observed in
adapting COMET to new cell types (for example, Caco-2), underscor-
ingthe broad applicability of our approach. Thisis especially usefulin
contexts where assays are low throughput and datasets are small. The
flexibility of COMET to handle multi-componentinputs also allows for
its extensionbeyond conventional LNPs. We demonstrated the model’s
adaptability to formulations with non-lipid materials (for example,
branched PBAEs) and its utility across multiple cell types. COMET’s
architecture may also supportlinks to other areas of nanotechnology
where multi-component formulations are critical, such as co-delivery
of multiple cargos, immunomodulatory nanoparticle design or mate-
rials for tissue engineering. In such contexts, COMET’s compositional
encoding and multitask learning structure could be adapted tojointly
predict multiple endpoints, including efficacy, toxicity or stability.

Coupled withadvancesin high-throughput science, we hope that
COMET willbecome an essential tool for formulation development and
discovery of knowledge in this field.
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Methods

COMET details

This sectiondescribes the model architecture and training algorithms
of COMET. Pseudocode for inference is provided in Algorithm S1.

COMET model architecture. Lipid molecular structures are encoded
into high-dimensional vectors (molecular embeddings), while scalar
compositional features are encoded using a Gaussian-based encoder®.
Continuous formulation-wide parameters (for example, N/Pratio and
volumetric mix ratio) are encoded with Gaussian layers; categorical
inputs use one-hot embeddings.

The transformer uses a [CLS] token to aggregate input features
across multiple attention layers. For multitask learning, each cell
typeisassigned aseparate [CLS] token and prediction head, enabling
task-specific outputs while sharing LNP-level representation learning.

Molecular encoder. COMET is compatible with various molecular
encoders; here we use Uni-Mol", pretrained to recover masked atom
types and corrupted three-dimensional coordinates. It offers strong
property prediction performance and is used with default hyperpa-
rameters (from https://github.com/dptech-corp/Uni-Mol/tree/main/
unimol). Pretrained weights are frozen during COMET training. Each
compoundis encodedinto a512-dimensional vector using atomtypes
and coordinates.

Lipid molar percentages are encoded into128-dimensional vectors
using a shared Gaussian layer. Each component is further assigned a
128-dimensional one-hot embedding (z}(ype) todistinguishlipid classes.
These are concatenated and projected through atwo-layer MLPintoa
256-dimensional component representation.

N/P ratio and volumetric ratio. N/P ratio is encoded using a sepa-
rate 256-dimensional Gaussian layer (zy,»). AQueous/organic ratios,
treated as categorical variables, are one-hot encoded (z;,,) With 256
dimensions.

CLS token and prediction head. Each cell type uses a learned [CLS]
token (zs) of dimension 256. These aggregate component and
formulation-wide token representations across Ny, transformer
layers via attention®*. Final predictions are made by passing the [CLS]
token through a two-layer MLP (MLP ;. gic.).

Transformer blocks. Each block follows a Pre-LayerNorm struc-
ture® composed of layernorm - self-attention > MLP with residual
connections.

Training details. The model is trained with a binary ranking objec-
tive’® where, given a pair of LNP samples, the modellearns to predict a
larger efficacy score for the LNP that has a higher efficacy label value
from the other LNP:

Lranking == IOg (O(fe(xh) —fe(x|)) (1)

where x; and x; are high-and low-efficacy LNPs and f,is COMET’s scoring
function. Training uses a batch size of 64 (2,016 pairwise comparisons
per batch).

Conflict-averse gradient descent. Conflict-averse gradient descent
(CAGrad)™® mitigates conflicting gradients in multitask settings. We
apply CAGrad with acoefficient of 0.2 to stabilize training across tasks.

Noise augmentation. To address noise in the experimental data, espe-
ciallyin the fluid handling process, we augment the molar percentage
with Gaussian noise proportionate to its value where the standard
deviation of the noise is 10% of actual molar percentage.

Label margin. From the label values, we can tell not only which LNP is
better than another but also by how much. To train the model tolearn
this additional knowledge, we include a margin term*’ in the binary
ranking objective:

[‘ranking == IOg (Singid(fe(Xh) _fﬁ(xl) - Amargin(yh _yl)) (2)

where y,, and y, are the (efficacy) label values of the more efficacious
and less efficacious LNP, respectively, and A,,4, controls how much
this objective dominates the training. We use A, = 0.01 in our
experiments.

Ensembling.Forinsilico evaluation (Fig. 3e-I), theensemble is formed
by Nq0qe models trained with the same hyperparameters and dataset
(train/valid/test split) but weights initialized with different random
seeds. For the ensemble deployed toinfer virtual LNPs, 5 different train
(80%)/valid (20%) splits are made in afivefold manner and each model
inthe ensemble is trained on a different fold. To ensure that ensembled
scores are not biased towards models with high variance, the predicted
scores from each model are normalized by making their scores for the
LANCE LNPs fit anormal distribution with mean 0 and standard devia-
tion1before ensembling. More specifically, for eachmodel, thisisdone
by inferring the predicted scores on all the LANCE LNPs and using the
mean (mean;) and standard deviation (std;) of LANCE LNPs’ scores to
compute the normalized scores y"o™lized through

’
. —mean;
y{normalized — yl can;

i Stdi > i~ {1’ -~-9Nmode]} (3)

The final ensemble score is the mean of all models’ normalized
scores:

Nimodel

Z y;normalized (4)
i

yrensemble -

N model

COMET isimplementedin PyTorchand trained with NVIDIA V100
GPUs.

k-Nearest neighbours and random forest model details. The
k-nearest neighbours and random forest models are implemented
with the scikit-learn (https://scikit-learn.org/) package, with default
hyperparameters. More specifically, the k-nearest neighbours model
uses n =5 nearest neighbours while the random forest model uses
n=100 estimators (trees).

LANCE dataset details
LANCE comprises four parts spanning orthogonal LNP design dimen-
sions: lipid componentidentities, molar percentages, synthesis param-
eters (for example, N/P and aqueous/organic volumetric ratios) and
high-resolution molar sweeps.

Seven ionizable lipids, three sterols, two helper lipids and two
PEG lipids were used (Supplementary Table 14), reflecting the focus
of current research™*, To study molar % effects, we designed 13 lipid
ratios by varying one lipid class at a time from a reference BASE ratio
(Fig. 1d), based on ref. 20. For instance, ratios [1-14 modify ionizable
lipid %, C1-C3 adjust cholesterol (compensated by helper lipid), and
P1-P3 alter PEG lipid %, while the remaining modify multiple compo-
nents (Supplementary Table 13).

Part1 (lipid choice). To examinelipid identity effects, we generated 84
combinations from all permutations of 7 ionizable lipids, 3 sterols, 2
helperlipids and 2 PEG lipids. Paired with 13 molar ratios, this resultsin
1,092 possible LNPs; 1,066 were tested. After removing 91 overlapping
with part 2, this part yielded 975 unique LNPs.
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Part 2 (ionizable lipid synergy). Following studies suggesting synergy
from dual-ionizable lipid formulations*®, we created LNPs with 60:40
molar splits across all ionizable lipid pairs, distributed across 13 lipid
ratios. Thisyielded 637 additional LNPs.

Part 3 (key synthesis parameters). To explore synthesis effects, we
introduced variation in ionizable lipid/RNA weight ratios (10:1, 15:1
and 20:1) and aqueous/organic phase ratios (1:1and 3:1). Weight ratios
were adjusted by molar mass to maintain equivalent molar %. These
parameters were later converted to N/P ratios for model input. This
partincludes 924 LNPs.

Part 4 (molar percentage sweeps). To study finer-grained molar %
effects, we created 24 evenly spaced intervals from 10% to 80% for
ionizablelipid, cholesterol and helper lipid, generating 492 LNPs across
3focused sweeps.

Formulation ratios. Single-ionizable LNPs span 18 unique N/P ratios,
derived from3ionizablelipid/RNA weight ratios and 7 ionizable lipids.
Dual-ionizable formulations add 63 more, totalling 81 N/P ratios. In
molarterms, 13 base lipid ratios and 72 sweep ratios (24 per lipid class)
result in 85 total molar compositions.

LNP synthesis. LNPs were synthesized by mixing lipid—-ethanol and
mRNA-citrate buffer phases, incubated at 4 °C for 10 min. Automated
handling was performed on the Tecan Fluent platform. For animal
studies, LNPs were mixed, incubated on ice for 10 min and dialysed
overnightat4 °CinPBS (Slide-A-Lyzer, ThermoFisher).

Materials. FLuc mRNA (L-7202, Trilink); lipids (Cayman Chemicals,
Avanti); luciferase assay (Steady-Glo, E2550) and Agilent BioTek plate
reader for readout. alamarBlue was used for viability assays.

Data processing. Each 96-well plate included a ‘standard’ LNP. Raw
luminescence values were normalized to the standard and averaged
across four replicates (two biological, two technical). Mean values were
log-transformed and min-max normalized to [0, 1].

We have represented several key features of the LANCE datasetin
Fig. 2. Below, we explain how these key features were extracted from
LANCE. For Fig. 2a, part 1 formulations were selected. For the four
ionizable lipids (ALC-0315, DLin-MC3-DMA, C12-200 and CKK-E12),
we had 156 formulations containing 2 helper lipids, 3 sterol lipids
and 2 PEG lipids (that is, 2 x 2 x 3 =12 combinations) at 13 molar ratios
(12 x 13 =156 formulations).

For Fig. 2b,c, part 3 formulations containing one ionizable lipid,
cholesterol and C14-PEG were selected. Two molar ratios of the lipid
components (which are shownin the figure) were studied. The ioniz-
able lipid to mRNA molar ratio was 10,162. The aqueous to organic
volume ratio was varied. For Fig. 2d, part 3 formulations containing
oneionizablelipid, DOPE, cholesterol and C14-PEG were selected. Two
molar ratios of the lipid components (which are shown in the figure)
were studied. The organic to aqueous volume ratio was held at 1:3.

Figure 2e was generated from part 2 data. Only formulations
containing DOPE, cholesterol and C14-PEG were used for the graph.
The name of the first ionizable lipid was listed as the title of graph
and the second ionizable lipid name was the row name. The total
molar content of the ionizable lipids was the column name. The
molar ratio of ionizable lipid 1/ionizable lipid 2 is 1.5. The molar
ratio of DOPE/cholesterol was 0.34. The molar % of C14-PEG was
2.5%.The molar ratio of ionizable lipid/mRNA was 10,162. The entire
library was used to construct Fig. 2f. We calculated the normalized
transfection efficacy for the 30th and 70th percentile formula-
tions in B16-F10 and DC2.4 cells. These values were as follows: 70th
percentile, B16-F10 = 0.43887; 30th percentile, B16-F10 = 0.24315;
70th percentile DC2.4 = 0.64623; 30th percentile DC2.4 = 0.30946.

Formulations above and below these values in the respective cell
lines were selected and are plotted in Fig. 2f.

Invitro validation details
The LNPs are named according to the groups to which they belong. A
summary of the prefixes used here is givenin Supplementary Table 16.

Clinically approved LNP baselines. Therecipes for the 3 clinical LNP
baselines are based on the literature® and synthesized inan aqueous/
organic volumetric of 3:1 following what is typically used in previous
work.

Top LANCE LNP hits baselines. To find strong and reliable LNP base-
lines from LANCE, we randomly select 10 LNP formulations from the
90th percentile for each cell line to again screen them with the respec-
tive cell line to check for reproducibility. Among these ten formula-
tions, three LNPs with their normalized efficacy value closest to their
original LANCE efficacy label values were selected as LANCE baseline
LNPs.

Exploratory LNP library. To span a vast formulation space, the virtual
library was generated by enumerating through possible LNP features
such aslipid choices, their molar percentages and key synthesis param-
eterssuch as N/Pratios and aqueous/organic volumetricratios, accord-
ing to Supplementary Table15. To find LNPs that are different from the
hits in the LANCE dataset, formulations within a10% L1 distance lipid
molar percentage neighbourhood of any top 10% most efficacious
LANCE hits were excluded. After this step, the exploratory library
has 27,354,600 and 34,539,960 formulations for DC2.4 and B16-F10,
respectively. An ensemble of five COMET models predicted efficacy in
bothcelllines. Thetop 0.1% highest-scoring LNPs were selected (34,529
B16-F10 and 27,354 DC2.4).

The next step removes formulations based on uncertainty in
COMET prediction. We capture the level of uncertainty by first comput-
ing the standard deviation (o) between the models’ prediction
(yrormalized in equation (3)) within the ensemble. We then scale the
standard deviation by division with anon-negative predicted efficacy
termto get arelative uncertainty value (u,):

_ o ~ensemble
Urel = Yy =

rensemble __ ,yensemble,min,LANCE 5
yensemble ’ y y ®)

where yrensembleminLANCE jg the minimum ensemble score among the
LANCE LNPs. Any formulations with negative y™*™ term were
dropped. Supplementary Fig.13 shows the distribution of this relative
uncertainty value. Formulations with largest 50% relative uncertainty
values were removed, leaving 17,269 B16-F10 and 13,677 DC2.4
formulations.

To promote chemical diversity, K-means clustering (on
14-dimensional vectors encoding lipid molar percentages) grouped
these candidatesinto 10 clusters. Clustering was repeated 1,000 times
to stabilize assignments. The highest-scoring formulation in each
cluster was selected, resulting in ten diverse in silico hits per cell line
(Supplementary Tables 17 and 18).

Lead optimization LNP library. For each cell type, three top LANCE
hits (from ‘Top LANCE LNP hits baselines’ section) were used as starting
points. Around each, virtual candidates were generated by (1) explor-
ingwithina20% L1 molar percentage distance, (2) substituting at least
onelipid (6 ionizable lipids, 2 cholesterols, 1 helper and 1 PEG) and (3)
altering the N/P ratio.

Togenerate three diverse candidates per lead, we segmented the
neighbourhoodinto three zones: (1) molar % segment (within20% L1, no
lipid changes), (2) substitute-lipid segment (within 20% L1, but with at
least one different lipid) and (3) N/P ratio segment (differing N/P ratio).
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Fromeach zone, the top predicted LNP was selected (Fig. 3d, right). This
yielded three optimized LNPs per lead. The virtual library size ranged
from 1.5 million (single-ionizable lipid) to 9 million (dual-ionizable
lipid) candidates. The sixfold increase in dual-ionizable lipid cases
arises from combinatorial enumeration: each minorionizable lipid was
paired with sixmajor ones. By contrast, single-ionizable lipid composi-
tionsrequire no pairing. The final selected formulations for validation
arelisted in Supplementary Tables 19 and 20.

PBAE synthesis

The compositions and molar ratios of amines, diacrylates and branch-
ing agents are listed in Supplementary Table 21. To synthesize PBAE
polymers, the combination of the amines, diacrylates and branching
agents were used. In brief, in a 20 ml glass vial, the entire weight of
diacrylate and branching agent was added. Then, the solvent (dimethyl-
formamide) was added to the reaction mixture. Later, the reaction vials
were placed on a hotplate at 90 °C. After 24 h, the vials were removed
from the hotplate and cooled to room temperature. The amines were
addedtothereactionvial and placed back onthe hotplate at 90 °Cand
the reaction was allowed to proceed for 48 h. Finally, the vials were
removed fromthe hotplate and allowed to cool to room temperature.
Then, the reaction mixture was added (drop-by-drop) into a beaker
containing ~150 ml ice-cold diethyl ether (-10x excess volume). The
collected samples were transferred to 50 ml tubes and centrifuged at
1,000 x g for 3 min to pellet the polymer. Later, the supernatant was
removed and dissolved in the minimal possible volume of dimeth-
ylformamide. This purification step was repeated three times. Final
polymers were dried under vacuum and solubility tested in ethanol.

Representing PBAEs in COMET

PBAEs were represented as a combination of their diacrylate-amine
repeating unit and branching agent, each with unique component-type
embeddings. Therepeating unit was treated as afifth molar component
type alongside lipids, with its molar concentration estimated from
polymer weight and molecular weight. Total molar percentages of
PBAE and lipids sumto100%. Inference proceeds asin lipid-only LNPs
(‘COMET details’ section).

COMET PBAE LNP lead optimization hits

Two top-performing PBAE LNPs per cell type were used as starting
points. Around each, virtual candidates were generated by (1) explor-
ing withina20% L1 molar percentage neighbourhood, (2) substituting
lipids (6 ionizable lipids, 2 sterols, 1helperand 1 PEG) and (3) converting
to dual-ionizable compositions. To select three diverse candidates,
we defined three non-overlapping segments: one within the 20% L1
distance but must have the same lipid choices, one with at least one
differentlipid compound and one with a dual-ionizable lipid configu-
ration. The top predicted LNP from each segment was chosen (Fig. 3d,
right). Final hits are detailed in Supplementary Tables 22 and 23.

Human IL-15 screening

ThelL-15mRNA s synthesized viain vitro transcription witha HiScribe
T7 mRNA kit with CleanCap Reagent AG (E2080S) from New England
Biolabs, with 5-methoxy-UTP (N-1093) from Trilink. The LNP transfec-
tion is done at an mRNA concentration of 0.25 pg ml™ in the 96-well
plate format. The HumanIL-15 expression level is measured with Human
IL-15Uncoated ELISA (88-7620) procured from Invitrogen, after 16 h of
incubation of HepG2 cells with LNP. Raw efficacy data are normalized,
similar to bioluminescence datamentioned above, before used as data-
set for machine learning experiments. This dataset (20%) is randomly
splitintotest set, while therestis used as the train and validation sets.

Lyophilization of LNPs
The LNPsare synthesized ina tris buffer (5 mM tris buffer, pH 8). After
synthesis, the LNP formulations are frozen at —80 °C for 2 h before

undergoing the following lyophilization process: equilibrate at -40 °C
for 2 h, in atmosphere > —40 °C for 21 h, in vacuum > 25°C for 2 h, in
vacuum. Labconco FreeZone 6 I with a Stoppering Tray Dryer was used
for lyophilization.

Degradation in the efficacy

Post-lyophilization efficacy values were computed and normalized
similarly to the LANCE label values (‘Data processing’ section). The
degradation of efficacy owing to lyophilization was calculated by
subtracting the post-lyophilization efficacy values score from the
LANCE B16-F10 values.

Animal experiments

Animal experiments for this study were approved by the Massachusetts
Institute of Technology Institutional Animal Care and Use Committee
and were consistent with local, state and federal regulations as appli-
cable. Female C57BL/6) mice (000664, The Jackson Laboratory) were
used in the experiments. For imagining, b-luciferin (LUCK-1G, Gold
Biotechnology) solubilized in PBS was administered via intraperito-
nealinjectionand the mice wereimaged using anIVISimaging system
(PerkinElmer).

t-SNE visualization

We selected the COMET model most correlated (Spearman) with
ensemble scores across arandom virtual LNP subset. LNP features for
t-SNE were the final [CLS] token representations. To ensure even distri-
bution across ionizable types, dual-ionizable lipid LNPs were treated
as a distinct class, and 1,250 LNPs per class (8 total) were randomly
sampled (10,000 total).

Integrated gradients implementation

Toexecuteintegrated gradients (IG) with COMET’s multimodal inputs,
weadapted the Captum library.1G computes attribution by integrating
gradients along a path from reference to input. Feature attributions
were computed per LNP, baseline-subtracted and averaged across each
group. Non-PBAE LANCE LNPs were used as the baseline. Attribution
scores were normalized (max=1) and averaged across ensemble models.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The datasupporting the findings of this study are available within the
paper and its Supplementary Information files. Should any raw data
files be needed in another format, they are available from the corre-
sponding authors uponreasonable request.

Code availability
Source code for the COMET model, trained weights and inference
scripts are available at https://github.com/alvinchangw/COMET.
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For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The data supporting the findings of this study are available within the paper and its Supplementary Information files. Should any raw data files be needed in another
format they are available from the corresponding author upon reasonable request.
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Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample sizes were chosen based on preliminary experiments and prior work on lipid nanoparticles, to provide sufficient power for statistical
comparison when needed.

Data exclusions  No data values were excluded in the analysis.
Replication Experiment in general were repeated to confirm the results. All attempts at replication were successful.

Randomization  Cells from the same passages were randomly used for experiment groups or control groups. The results were confirmed by different cells |
passages. Group allocation for mouse studies was performed randomly.

Blinding While true blinding was not applied due to the proof-of-concept developmental nature of this study, data collection and analyses for cell and
animal experiments were performed by separate individuals.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
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Cell line source(s) Cell lines were originally obtained from ATCC.
Authentication The cell lines were not further authenticated after receiving from ATCC.
Mycoplasma contamination Cell lines were tested negative for mycoplasma contamination.

Commonly misidentified lines  The cell lines used in this article are not in the list of misidentified lines.
(See ICLAC register)

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals Six-week-old female C57BL/6J mice (Strain #000664) from Jackson laboratory were used; A 14-hour light/10-hour dark cycle and a
temperature of 65-75°F (~18-23°C) with 40-60% humidity are used. For each study, the mice involved were randomly assigned to
treatment and control groups.

Wild animals No wild animals were used in the study
Reporting on sex Female
Field-collected samples  No field-collected samples were used in the study

Ethics oversight This study is approved by MIT committee on Animal Care

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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