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Abstract

Lipid nanoparticles (LNPs) are among the most
clinically mature platforms for nucleic acid de-
livery, yet designing lipids that are both ef-
fective and biologically safe remains a ma-
jor bottleneck. In practical screening, toxic-
ity is a decision-level constraint: if a lipid is
toxic, its efficiency prediction is clinically irrel-
evant. We propose LipoAgent, a safety-aware
multi-agent LLM framework for lipid discov-
ery. LipoAgent combines domain-specific fine-
tuning with a conditional prediction objective
that enforces toxicity as a prerequisite for effi-
ciency prediction, and further improves reliabil-
ity via multi-agent verification with lightweight
human oversight when disagreement persists.
Across multiple foundation models, LipoA-
gent achieves an average 32% relative improve-
ment in mRNA transfection efficiency predic-
tion compared with other reported models for
lipid design. Wet-lab validation confirms that
virtual screening rankings reliably translate to
biological transfection outcomes. The code
is publicly available at https://github.com/
SAI-Lab-NYU/LipoAgent.git.

1 Introduction

Messenger ribonucleic acid (mRNA) therapeutics
have attracted increasing attention due to their abil-
ity to regulate disease-related gene expression (Yan
et al., 2022; Zong et al., 2023a). The remarkable
success of coronavirus disease 2019 (COVID-19)
mRNA vaccines, such as BNT162b2 and mRNA-
1273, has highlighted the clinical potential of
mRNA-based therapies (Chemaitelly et al., 2022).
Lipid nanoparticles (LNPs) play a pivotal role
in enabling effective mRNA delivery, owing to
their favorable biocompatibility, high encapsula-
tion efficiency, and scalable manufacturing pro-
cesses (Zong et al., 2023b; Lu et al., 2024; Zhang
et al., 2026). As the key functional components of
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LNPs, ionizable lipids critically determine mRNA
transfection efficiency, which is strongly impacted
by their molecular structures (Hou et al., 2021;
Eygeris et al., 2022).

Despite these advances, identifying new lipid
candidates that achieve both high delivery effi-
ciency and acceptable safety remains a major bot-
tleneck (Hald Albertsen et al., 2022). Traditionally,
optimal lipids are discovered through large-scale
combinatorial synthesis followed by extensive in
vitro and in vivo screening. Such workflows are
extremely time-consuming and resource-intensive,
often requiring months of experimental effort and
biological validation (Li et al., 2024). As a result,
only a small fraction of the vast chemical design
space can be practically explored, limiting both
discovery speed and diversity.

Recent progress in data-driven modeling has
opened new opportunities to accelerate lipid discov-
ery. In particular, large language models (LLMs)
have demonstrated strong reasoning and knowledge
integration capabilities, enabling promising results
in molecular generation and property prediction
across the drug discovery pipeline (Zheng et al.,
2024; Huang et al., 2020; Yao et al., 2023; Baek
et al., 2025; Liu et al., 2025b; Bran et al., 2023).
These successes suggest that LLMs could serve as
powerful assistants for navigating complex chemi-
cal spaces and prioritizing candidate molecules (Su
et al., 2026a). However, directly applying general-
purpose LLMs to lipid design presents fundamental
challenges.

First, without domain-specific fine-tuning,
LLMs often exhibit limited predictive accuracy for
biochemical properties such as mRNA transfection
efficiency. More critically, existing LLM-based
approaches typically lack explicit safety model-
ing. Toxicity is frequently treated as a post hoc
filtering step rather than an integral part of the de-
cision process. This design choice can lead to un-
safe high-confidence predictions, where a lipid is
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Figure 1: Overview of LipoAgent, with a safety-aware multi-agent LLM framework for lipid discovery.

recommended as highly ef�cient despite exhibit-
ing unacceptable toxicity, thereby introducing sub-
stantial experimental risk and wasted validation
effort (Ramos et al., 2025).

To realize this paradigm, we propose LipoAgent,
a safety-aware multi-agent LLM framework for
lipid discovery. As illustrated in Figure 1, LipoA-
gent integrates domain-speci�c �ne-tuning, con-
ditional prediction, and multi-agent veri�cation
into a uni�ed pipeline. The framework consists
of two coordinated agents. The Predictor agent
jointly predicts molecular toxicity and mRNA trans-
fection ef�ciency while producing structured rea-
soning traces and con�dence estimates. The Veri-
�er agent examines low-con�dence predictions by
checking the consistency between predicted scores
and their corresponding explanations. Crucially,
we introduce a conditional loss mechanism dur-
ing both training and inference: when a molecule
is predicted to be toxic, the model directly out-
puts an “unsafe” decision and halts ef�ciency pre-
diction. This design enforces toxicity as a pre-
requisite for ef�ciency modeling and prevents the
system from recommending “ef�cient but toxic”
lipid candidates. To support systematic and repro-
ducible evaluation, we further construct and release
a new dataset, TransLipid. The dataset is manually
curated and normalized from multiple published
studies and comprises structure–ef�ciency–toxicity
triplets, providing a uni�ed base for training and
evaluating safety-aware molecular models. In sum-
mary, our contributions are as follows:
Safety-�rst multi-agent LLM framework: We
propose LipoAgent, a multi-agent system for
toxicity-aware mRNA transfection ef�ciency pre-
diction in lipid discovery.
Conditional loss and decision-level safety mod-
eling: We design a conditional loss function that
enforces toxicity as a prerequisite for ef�ciency pre-
diction during both training and inference, reducing
unsafe false-positive recommendations.

Method Multi-
Agent

Fine-
tuning

Human
Feedback

Toxicity
Detection

ReAct 7 7 7 7
ResearchAgent3 7 7 7
ChemCrow 3 7 3 7
DrugAgent 3 7 3 7
LipoAgent 3 3 3 3

Table 1: Comparison between LipoAgent and existing
LLM-based systems for molecular and drug discovery.
Dark-green bold checkmarks indicate supported capa-
bilities; red bold crosses indicate missing components.

TransLipid dataset: We construct and release
TransLipid, a curated dataset that integrates lipid
molecular structures with experimentally reported
transfection ef�ciency data and toxicity annotations
when available, enabling systematic evaluation of
safety-aware molecular reasoning.
End-to-end experimental validation: Extensive
quantitative evaluations show that LipoAgent per-
forms competitively against other reported models
for lipid design. Real-cell transfection and cyto-
toxicity experiments further con�rm the accuracy
of LipoAgent's predictions and their relevance to
practical biological settings.

2 Background and Related Works

2.1 Lipid Design

The structural features of lipid materials play a de-
cisive role in mRNA delivery performance (Sun
and Lu, 2023; Xu et al., 2023a). Subtle varia-
tions in molecular architecture can markedly in�u-
ence particle formation, cellular uptake, endosomal
escape, and ultimately protein expression (Zhao
et al., 2024). Lipid-library screening is a commonly
used strategy for identifying effective materials for
mRNA delivery. However, experimental through-
put is fundamentally limited by cost, labor, and re-
source demands, which severely constrain the scale
of combinatorial exploration (Su et al., 2026b; Xu
et al., 2023b). As a result, promising lipid candi-



dates may remain undiscovered, and the overall
optimization process is often slow and inef�cient.

These limitations motivate computational ap-
proaches that can design lipid candidates in sil-
ico. Importantly, such approaches must simultane-
ously account for delivery ef�ciency and biological
safety, as high transfection ef�ciency alone is insuf-
�cient for clinical applicability (Hanna et al., 2025;
Wang et al., 2024a).

2.2 LLMs for Drug Discovery and Delivery

In recent years, large language models (LLMs)
have been increasingly applied to drug discovery
and molecular design owing to their strong rea-
soning, planning, and knowledge integration ca-
pabilities (Liu et al., 2025a; Nguyen and Grover,
2025; Zhang et al., 2023). The early ReAct frame-
work (Yao et al., 2023) introduced a reasoning–
acting paradigm that enables models to alternate
between thought generation and tool invocation for
stepwise problem solving. However, ReAct lacks
domain-speci�c adaptation and does not consider
biochemical safety.

Building on this idea, ResearchAgent (Baek
et al., 2025) incorporates a multi-agent structure
for hypothesis generation, experiment planning,
and literature-based reasoning. Despite its effec-
tiveness in scienti�c knowledge synthesis, it re-
mains limited to textual reasoning and does not
perform quantitative prediction of molecular prop-
erties. ChemCrow (Bran et al., 2023) further ad-
vances LLM-based chemistry applications by in-
tegrating domain-speci�c tools such as molecule
generators and property calculators, demonstrating
the potential of human–AI collaboration. Neverthe-
less, it relies heavily on post hoc expert validation
and lacks automated toxicity modeling.

More recently, DrugAgent (Liu et al., 2025b)
proposed a multi-agent system consisting of a plan-
ner and an instructor to automate machine learning
programming for drug discovery. While it demon-
strates agent coordination capabilities, it does not
incorporate domain-speci�c �ne-tuning and lacks
molecular-level safety assessment.

As summarized in Table 1, existing LLM-based
frameworks vary in their use of multi-agent co-
ordination and human feedback. However, most
approaches treat toxicity as a post hoc �ltering step
rather than a decision-level constraint. As a result,
ef�ciency prediction and reasoning are not condi-
tioned on safety, which can lead to high-con�dence
but unsafe molecular recommendations. In con-

trast, our proposed framework, LipoAgent, inte-
grates domain-speci�c �ne-tuning, safety-aware
prediction, and multi-agent veri�cation within a
uni�ed system to jointly optimize lipid transfection
ef�ciency and safety.

2.3 Multi-agent LLM

Multi-agent LLM frameworks aim to improve rea-
soning reliability and scalability by decompos-
ing complex tasks into cooperative submodules.
Systems such as CAMEL (Li et al., 2023), Voy-
ager (Wang et al., 2023), and Re�exion (Shinn
et al., 2023) demonstrate how agent interaction,
self-re�ection, and feedback loops can enhance
task performance in scienti�c reasoning.

Our work adopts a similar multi-agent philoso-
phy but applies it to safety-critical molecular dis-
covery. In LipoAgent, the Predictor agent focuses
on joint toxicity and ef�ciency prediction, while
the Veri�er agent performs consistency checking
between predicted scores and their corresponding
reasoning traces. This veri�cation mechanism is
particularly important in high-con�dence regimes,
where single-agent reasoning may still produce in-
correct but persuasive explanations. By incorporat-
ing safety-aware multi-agent veri�cation, LipoA-
gent bridges the gap between LLM-based molecu-
lar reasoning and experimental reliability.

3 Methodology

We propose LipoAgent, a multi-agent framework
for safe, reliable, and interpretable LLM-based
lipid discovery for mRNA delivery, comprising
two agents and a �ne-tuned predictor. (1) a Predic-
tor Agent that predicts lipid toxicity and delivery
ef�ciency while generating textual reasoning and
uncertainty estimation, and (2) a Veri�er Agent that
inspects low-con�dence predictions and validates
the logical consistency between the predicted score
and its explanation. Through a human-in-the-loop
feedback loop, LipoAgent supports iterative correc-
tion and continual re�nement, as shown in Figure 2.

3.1 Fine-Tuning Strategy for Predictor Agent

The Predictor Agent is trained with a Conditional
Multi-Task Loss that jointly optimizes toxicity clas-
si�cation and ef�ciency prediction. We apply
LoRA (Hu et al., 2022) to the projection layers of
the Predictor Agent while freezing all other param-
eters, substantially reducing training cost. Given
a mini-batch of lipid inputsfx i gN

i=1 , the model



Figure 2: Overview of the LipoAgent framework. (a) Fine-tuning and prompting pipeline for constructing the
predictor agent from a base LLM. (b) Multi-agent collaboration in LipoAgent, where agents coordinate with human
feedback to iteratively �lter and re�ne candidates toward high-ef�ciency lipids.
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where ytox
i 2 f0; 1g is the ground-truth label.

Ef�ciency Loss (Non-toxic Samples Only). Ef-
�ciency supervision is applied only to non-toxic
lipids. Let mi = 1fy tox

i = 0g be a binary mask
indicating non-toxic samples. CE(.) is the cross-
entropy loss, then the ef�ciency loss is:

L eff =
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i=1 m i CE
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i
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P N
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whereyeff
i 2 f1; : : : ; 10g is the discrete ef�ciency

score.� is a small constant introduced for stability.
The �nal objective can be expressed as:

L total = L tox + � L eff: (3)

3.2 Multi-Agent Veri�cation Framework

A key component of LipoAgent is an entropy-based
con�dence score that determines whether addi-
tional veri�cation is needed. Given the ef�ciency
distribution peff, the entropy is computed as:

H(p eff) = �
10X

k=1

p(k)
eff log p(k)

eff : (4)

We normalize it into a con�dence score:

Conf(x) = 1 �
H(p eff)
log 10

; (5)

whereH(p eff) 2 [0; log 10] for a 10-class distri-
bution, and the division bylog 10normalizes the
con�dence score to the range[0; 1], with higher
entropy indicating lower con�dence.

LipoAgent forms an iterative veri�cation loop
between the Predictor and Veri�er Agents. The
Predictor outputs(ytox; yeff; rpred; Conf), and pre-
dictions withConf > � are accepted directly. Sam-
ples withConf � � are passed to the Veri�er for
evaluating reasoning–score consistency:

yver = f ver(r pred; yeff) 2 f0; 1g: (6)

When inconsistency is detected, structured cor-
rective feedbackr corr is generated and fed back to
the Predictor for the next inference round.

3.3 Human-in-the-Loop

To improve safety and reliability, LipoAgent in-
corporates a human-in-the-loop mechanism. As
illustrated in Figure 3, iterative multi-agent infer-
ence can result in disagreement between the Pre-
dictor and the Veri�er. In some cases, the agents
enter repetitive loops without reaching consensus;
although a decision may eventually emerge after
additional iterations (e.g., more than three rounds),
such late-converged predictions are often unreli-
able or incorrect. To mitigate this failure mode, we
introduce lightweight human feedback. When the
two agents fail to resolve their disagreement with
suf�cient con�dence, a human expert provides a
�nal judgment. This intervention prevents error
accumulation from prolonged inference loops and
improves overall system ef�ciency and accuracy.



Figure 3: Multi-agent disagreement in iterative molec-
ular ef�ciency prediction. During multi-step inference,
the two agents may generate inconsistent ef�ciency esti-
mates, leading to erroneous �nal selections. Incorporat-
ing lightweight human feedback resolves these incon-
sistencies and improves overall prediction accuracy.

4 Evaluation

The training and evaluation data used in this
study are drawn from previously published liter-
ature (Wang et al., 2024b) and organized into a
curated dataset termed TransLipid. Speci�cally,
we manually curate approximately 1,200 entries
from peer-reviewed studies on lipid-based deliv-
ery materials, each containing the lipid chemical
structure and its experimentally measured mRNA
transfection ef�ciency. To support toxicity model-
ing and evaluation, we additionally incorporate 400
toxic lipid or lipid-like molecules from the publicly
availabletoxic_30_datasets (Lu, 2024). After
integration, TransLipid contains a total of 1,600
molecular entries, which are used for subsequent
alignment, training, and evaluation.

Since the data originate from multiple indepen-
dent studies, reported transfection ef�ciency scores
are not directly comparable across sources. To ad-
dress this issue, we rescale and align all 1,600 sam-
ples in TransLipid using a uni�ed evaluation proto-
col and a consistent scoring data. This alignment
is performed solely to ensure cross-study compara-
bility rather than to optimize model performance.

For all experiments, we use a �xed split of the
aligned TransLipid dataset, with 800 samples for
training and 800 samples for evaluation.

4.1 Experimental Setting

All experiments are conducted on a single node
with 4� NVIDIA H800 GPUs. We report averaged
results over three independent runs with different
random seeds.

Base LLMs and initialization. We consider mul-
tiple base LLM checkpoints to instantiate the Pre-
dictor Agent, including Qwen3-8B (Yang et al.,
2025a), Qwen3-32B, ChemLLM (Zhang et al.,
2024), Llama 3.1-8B (Gratta�ori et al., 2024),
TxGemma-7B (Wang et al., 2025), and TxGemma-
27B. All models are initialized from their of�cial
pretrained checkpoints and trained under identical
experimental settings.

Fine-tuning details. We adopt parameter-
ef�cient �ne-tuning with LoRA, applied to the
attention projection modules (q_proj andv_proj ),
while keeping all remaining parameters frozen.
The learning rate is set to2 � 10 �4 . For the
conditional multi-task objective in Eq. (3), we set
the loss weight � = 0:1.

Multi-agent inference and human feedback.
During inference, the Predictor and Veri�er agents
interact in an iterative veri�cation loop. If the loop
count exceeds three and the two agents fail to reach
a consistent decision on a lipid's mRNA transfec-
tion ef�ciency, lightweight human feedback is trig-
gered to provide a �nal judgment and terminate the
loop. Human intervention is thus used as a fail-safe
mechanism rather than a default inference path.

Baselines. We benchmark against diverse ar-
chitectures on TransLipid, including GNN-
based methods (AGILE (Xu et al., 2024),
SCENT (Gaínski et al., 2025)), an MLP-based
method (LANTERN (Mehradfar et al., 2025)),
LLM-based approaches (KnowMol (Yang et al.,
2025b), DrugPilot (Li et al., 2025)), and a multi-
agent system (DrugAgent (Liu et al., 2025b)).
Benchmark baselines are evaluated using their re-
leased code and pretrained models when available.
Since DrugAgent does not provide an of�cial im-
plementation, we reproduce it following the origi-
nal paper under the same evaluation protocol.

4.2 mRNA Transfection Ef�ciency and
Toxicity

The overall performance of mRNA transfection
ef�ciency and toxicity prediction is summarized
in Table 2. Across all base LLM backbones, in-



Table 2: Comparison of methods and LLM baselines across ef�ciency/toxicity metrics.

Methods Architecture Fine-tuned Multi-agent Ef�ciency accuracy Extreme accuracya Middle accuracyb MAE c Toxic accuracy
AGILE (Xu et al., 2024) GNN 7 7 30.80% 87.83% 20.10% 2.28 -
SCENT (Gaínski et al., 2025) GNN 7 7 32.56% 40.33% 28.45% 2.21 -
LANTERN (Mehradfar et al., 2025) MLP 7 7 42.33% 37.22% 51.15% 2.10 58.76%
KnowMol (Yang et al., 2025b) LLM 3 7 62.34% 65.67% 63.26% 1.81 62.12%
DrugPilot (Li et al., 2025) LLM 3 7 53.47% 55.87% 50.86% 1.97 66.05%
DrugAgent (Liu et al., 2025b) LLM 7 3 61.21% 63.42% 58.80% 1.98 65.05%
Qwen 3-8B (Yang et al., 2025a) LLM 7 7 60.23% 72.34% 55.27% 1.87 70.40%
Qwen 3-8B w/ Fine-tuned LLM 3 7 70.40% 86.36% 65.30% 1.24 90.30%
Qwen 3-8B w/ LipoAgent LLM 3 3 76.80% 89.60% 69.30% 1.09 100.00%
Qwen 3-32B (Yang et al., 2025a) LLM 7 7 62.56% 67.23% 72.98% 1.85 70.40%
Qwen 3-32B w/ Fine-tuned LLM 3 7 86.70% 92.31% 75.00% 1.21 93.30%
Qwen 3-32B w/ LipoAgent LLM 3 3 89.20% 92.87% 84.32% 1.01 100.00%
ChemLLM (Zhang et al., 2024) LLM 7 7 11.10% 13.21% 10.74% 2.96 56.84%
ChemLLM w/ Fine-tuned LLM 3 7 65.57% 69.33% 63.47% 1.87 72.11%
ChemLLM w/ LipoAgent LLM 3 3 71.41% 76.97% 69.38% 1.33 100.00%
Llama 3.1-8B (Gratta�ori et al., 2024) LLM 7 7 35.00% 38.26% 32.33% 1.99 65.33%
Llama 3.1-8B w/ Fine-tuned LLM 3 7 68.83% 70.75% 54.29% 1.57 77.40%
Llama 3.1-8B w/ LipoAgent LLM 3 3 72.34% 74.35% 69.38% 1.32 100.00%
TxGemma-7B (Wang et al., 2025) LLM 7 7 80.20% 55.45% 83.60% 1.33 85.44%
TxGemma-7B w/ Fine-tuned LLM 3 7 89.50% 84.38% 91.23% 1.13 92.87%
TxGemma-7B w/ LipoAgent LLM 3 3 94.23% 90.83% 95.23% 0.85 100.00%
TxGemma-27B (Wang et al., 2025) LLM 7 7 82.34% 80.23% 83.12% 1.25 86.70%
TxGemma-27B w/ Fine-tuned LLM 3 7 91.31% 89.47% 92.48% 1.10 94.20%
TxGemma-27B w/ LipoAgent LLM 3 3 94.23% 92.34% 95.23% 0.81 100.00%

a Extreme accuracy measures prediction accuracy on lipids whose ground-truth mRNA transfection ef�ciency scores are at the
extremes (i.e., 1, 2, 9, and 10). These cases correspond to either highly ineffective or highly effective lipids and are particularly
informative for biological screening, especially for identifying candidates with very high transfection ef�ciency (scores 9 and 10).
b Middle accuracy measures prediction accuracy on lipids with intermediate ground-truth ef�ciency scores ranging from 3 to 8.
c MAE (Mean Absolute Error) quanti�es the average absolute deviation between the predicted mRNA transfection ef�ciency
score and the ground-truth score across all lipids. Lower MAE values indicate better prediction accuracy.

corporating the proposed LipoAgent framework
leads to substantial improvements in both ef�-
ciency and toxicity prediction accuracy. On av-
erage, LipoAgent improves prediction accuracy
by approximately 32%, with all enhanced models
achieving over 70% accuracy on both tasks. These
results consistently outperform baselines based on
GNNs, MLPs, and prior LLM-based approaches.

Importantly, performance gains arise from
complementary components of the framework.
Domain-speci�c �ne-tuning primarily improves
overall prediction accuracy, while multi-agent veri-
�cation disproportionately enhances reliability on
dif�cult and extreme cases. As shown in Table 2,
LipoAgent achieves over 85% accuracy on extreme
ef�ciency values (scores 1, 2, 9, and 10). Such
extreme cases are particularly critical in practical
lipid screening, where highly ef�cient candidates
(scores 9 and 10) are prioritized for costly experi-
mental validation and highly inef�cient candidates
must be reliably �ltered out.

Figure 4 further analyzes training and inference
dynamics. During �ne-tuning, smaller base models
occasionally exhibit initial accuracy gains followed
by degradation in later stages, indicating over�tting
under limited training data. Accordingly, for sub-
sequent experiments and wet-lab validation (Sec-
tion 4.4), we selected checkpoints with the best
validation performance rather than the �nal train-
ing checkpoints.

Figure 4: Training and inference dynamics of LipoA-
gent.Top: training loss, toxicity accuracy, and mRNA
transfection ef�ciency.Bottom: toxicity and ef�ciency
accuracy across veri�cation loops.“*” indicates the in-
troduction of human feedback.

The �gure also highlights the effect of the multi-
agent veri�cation loop. Prediction accuracy for
both toxicity and ef�ciency improves steadily with
additional veri�cation rounds and converges after
several iterations. However, toxicity accuracy does
not reach 100% through autonomous multi-agent
interaction alone. In safety-critical drug delivery
scenarios, even a small number of false-negative
toxicity predictions can pose serious risks. By in-
troducing lightweight human feedback only when
agent disagreement persists, LipoAgent achieves
perfect toxicity prediction accuracy while further
improving ef�ciency prediction reliability.

Figure 5 visualizes prediction distributions



Figure 5: Prediction distributions of multiple baselines
and LipoAgent variants on the test set. The red diagonal
line (y = x) indicates ideal predictions.
Table 3: Ablation study on the timing of human-in-the-
loop intervention.

Loop Ef�ciency Acc. (%) Toxic Acc. (%) MAE

No Human 70.40% 90.30% 1.24
1 72.56% 100.00% 1.12
2 74.20% 100.00% 1.10
3 76.80% 100.00% 1.09
4 75.32% 100.00% 1.07
5 74.01% 100.00% 1.09
6 74.11% 100.00% 1.09

across modeling paradigms. Without domain-
speci�c �ne-tuning or veri�cation, most models are
biased toward intermediate ef�ciency scores (typ-
ically 4–6), a common failure mode in screening
tasks. With �ne-tuning and multi-agent veri�cation,
predictions increasingly concentrate along the ideal
y = x diagonal. Notably, LipoAgent improves
accuracy at extreme ef�ciency values, enabling re-
liable identi�cation of both highly promising and
clearly unsuitable lipid candidates.

4.3 Ablation Study

We conduct ablation studies to analyze two key
design choices in LipoAgent: (1) the timing of
human-in-the-loop intervention during multi-agent
veri�cation, and (2) the weighting factor� in the
conditional multi-task loss. All ablation experi-
ments follow the setting in Section 4.1.

Human-in-the-loop intervention timing. As
shown in Table 3, the timing of human feedback

Table 4: Ablation study on the loss weight �.

� Ef�ciency Acc. (%) Toxic Acc. (%) MAE

0.00 55.23% 90.41% 1.44
0.05 65.44% 90.30% 1.31
0.10 70.40% 90.30% 1.24
0.15 70.50% 88.63% 1.24
0.20 70.40% 86.32% 1.24

critically affects accuracy, ef�ciency, and practical
usability. Introducing human feedback too early
results in excessive manual review and limits the
effectiveness of autonomous multi-agent reason-
ing. Conversely, introducing it too late leads to
prolonged agent disagreement, during which one
agent may unduly in�uence the other, undermining
reliable arbitration. Triggering human interven-
tion only after three unsuccessful veri�cation loops
provides the best balance between autonomy and
safety in this safety-critical setting.

Effect of loss weight� . Table 4 reports ablation
results for the loss weighting factor� . When� is
too small, optimization is dominated by toxicity
prediction, limiting gains in ef�ciency accuracy.
As � increases, ef�ciency prediction improves ac-
cordingly. We �nd that� = 0:1 yields the most
favorable trade-off, substantially improving ef�-
ciency prediction without degrading toxicity per-
formance. Larger values of� offer no additional
bene�t and may slightly compromise toxicity ac-
curacy, highlighting the importance of balanced
conditional optimization.

4.4 Wet Experimental Validation

To evaluate whether the predictions of LipoAgent
translate into real biological performance, we con-
ducted wet-lab experiments on lipid candidates se-
lected via large-scale virtual screening. We �rst
construct a virtual lipid library containing 10,024
lipid molecules that are feasible to synthesize. Us-
ing the best-performing con�guration, TxGemma-
27B with LipoAgent, we perform in silico screening
over the entire library, jointly predicting toxicity
and mRNA transfection ef�ciency for each lipid.

From the screening results, we selected four rep-
resentative lipid candidates (Figure 6A) that are
predicted to be non-toxic and span three distinct
ef�ciency levels (high, medium, and low). Impor-
tantly, this selection strategy is designed to validate
the relative ordering of model predictions across
the ef�ciency spectrum, rather than to showcase



Figure 6: In vitro evaluation of LNPs derived from predicted ionizable lipids. (a) The structures of lipids with
different scores. (b) Luciferase (LUC) mRNA transfection ef�ciency of LNPs derived from the four predicted lipids
in B16F10 cells. (c) Fluorescence imaging of B16F10 cells treated with EGFP mRNA-loaded LNPs derived from
predicted lipids. (d) Cell viability of LNPs derived from predicted lipids evaluated by MTT assay. (e) Representative
imaging of B16F10 cells treated with predicted lipid-derived LNPs. Scale bar: 300 �m.

only top-ranked candidates. The detailed synthetic
routes for all four selected lipid molecules are pro-
vided in Appendix A. LNPs are formulated using
the ethanol injection method (Xu et al., 2025) and
evaluated in vitro in B16F10 cells (Appendix B).

As shown in Figure 6B, Lipid-1710 exhibits
the highest mRNA transfection ef�ciency among
the four tested candidates, consistent with its pre-
dicted ranking. The remaining three lipids demon-
strate intermediate and lower ef�ciencies in accor-
dance with their predicted relative ordering, sup-
porting the robustness of the model's ranking capa-
bility rather than isolated hit identi�cation. Consis-
tent trends were further con�rmed by �uorescence
imaging using EGFP mRNA (Figure 6C).

The model-generated explanations provide plau-
sible structure–function hypotheses for the ob-
served trends. Compared with Lipid-1721, Lipid-
1710 features an optimized hydrophobic tail length
that may facilitate improved interactions with cel-
lular membranes. Relative to Lipid-1617, the
presence of a biodegradable carbonate linkage in
Lipid-1721 may promote more ef�cient intracel-
lular mRNA release. In comparison with Lipid-
1927, the headgroup architecture and number of
hydrophobic tails in Lipid-1710 appear more fa-
vorable for effective mRNA delivery. Notably,
under the same in vitro experimental conditions,
Lipid-1710 achieved mRNA transfection ef�ciency

comparable to that of the commercially used lipid
DMG-MC3-Dlin, serving as a benchmark.

MTT assays demonstrate negligible cytotoxic-
ity for all four tested lipids (Figure 6D), and no
signi�cant differences in cell density or cellular
morphology were observed between LNP-treated
and untreated cells (Figure 6E). Collectively, these
results validate the reliability of LipoAgent in pre-
dicting relative mRNA transfection performance
and highlight its potential to guide lipid design.

4.5 Human Effort and Time Ef�ciency

Beyond predictive accuracy, an important objective
of LipoAgent is to reduce human effort required for
lipid screening. We compare our multi-agent frame-
work with a conventional human-driven work�ow,
where experts synthesize large lipid libraries and
experimentally evaluate candidates without auto-
mated �ltering or agent-based veri�cation.

In traditional pipelines, lipid synthesis is the
dominant bottleneck. In our wet-lab setting, syn-
thesizing four lipids required approximately 96
hours of hands-on time, corresponding to about 24
hours per lipid. Extrapolating to a virtual library
of 10,024 candidates, exhaustive manual synthe-
sis would require on the order of 240,000 hours,
rendering experimental screening infeasible.

In contrast, LipoAgent completes in silico
screening of the full 10,024-lipid library within
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