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Iterative discovery of potent polymeric
antibiotics via multi-stage and multi-task
learning against antimicrobial resistance

Yuhui Wu1,2,6, Cong Wang1,6, Xintian Shen 1,2,6, Yan Chen 3, Haiping Wang3,
Bocheng Xu 1,4,5, Zihao Zhu1, Yifeng Chen1, Wenbin Dai1, Yue Huang1,
Lingyun Zou1, Jian Ji 1,2,4,5 & Peng Zhang 1,2,4

Drug-resistant bacterial infections pose a serious threat to global health,
driving the development of antibacterial strategies beyond classic antibiotics.
Host defense peptide mimetic polymeric antibiotics have emerged as pro-
mising candidates to combat drug resistance, however, navigating the vast
chemical space of polymers remains a significant challenge due to complex
structure–activity relationships, while data-driven approaches are further
constrained by polymer complexity and scarce labeled data. To address this,
we develop PolyCLOVER, a framework that integrates multi-stage self-super-
vised learning, active learning, and high-throughput experimentation to
iteratively discover polymeric antibiotics with potent antibacterial activity and
low toxicity. Applied to a combinatorial library of ~100,000 poly(β-amino
ester)s, the framework uncovers three lead compounds that self-assemble into
stable nanoparticles (SANPs) withminimum inhibitory concentrations of 4μg/
mL and 8μg/mL against multidrug-resistant S. aureus and A. baumannii,
respectively. These SANPs also serve as adjuvant antibiotic carriers, restoring
bacterial sensitivity to penicillin G. In vivo studies demonstrate their ther-
apeutic efficacy both as monotherapies and in combination therapies with
antibiotics. PolyCLOVER may become a powerful framework for discovery of
new polymeric biomaterials without reliance on external datasets.

Antimicrobial resistance (AMR), particularly of bacterial origin, poses
an escalating global health threat, with 4.71 million associated and 1.14
million attributable deaths reported in 20211–3. Current strategies to
combat bacterial AMR primarily focus on two approaches: developing
novel antibiotics to bypass resistance4–6, and employing combination
therapies to restore efficacy, including combinations of existing anti-
biotics and co-administration of antibiotic adjuvants7–10. With anti-
biotic discovery becoming increasingly challenging11, host defense

peptides (HDPs), or antimicrobial peptides (AMPs), have attracted
attention as alternative therapeutics owing to their ability to disrupt
membranes, modulate immunity, and regulate inflammation, thereby
slowing resistance development12–14. However, their clinical translation
is limited by inherent biological toxicity, poor in vivo stability, andhigh
production costs15–17. In this context, synthetic polymeric antibiotics
inspired by AMP mechanisms can achieve comparable antimicrobial
efficacy, while their flexible and scalable synthesis addresses the
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limitations of AMPs in stability and manufacturability18–23. Moreover,
their broad chemical design space enables antibacterial activity as
standalone agents and synergistic effects as antibiotic adjuvants,
together with extendable capabilities such as drug loading, barrier
penetration, and targeted delivery24,25. These characteristics make
synthetic polymeric antibiotics a particularly promising platform for
next-generation antimicrobial design.

Current strategies for polymeric antibiotic discovery remain
predominantly empirical, relying on modulation of charge and
amphiphilicity coupled with inefficient trial-and-error screening26,27.
The complexity of antimicrobial mechanisms and the structural
diversity of candidate polymers hinder mechanistic understanding,
limiting the elucidation of structure–activity relationships and posing
a major barrier to the systematic exploration of this vast chemical
space. Deep learning (DL), with its capacity to model complex, non-
linear relationships, has emerged as a powerful tool for data-driven
prediction and optimization. DL has achieved notable success in AMP
discovery28–30, including our previous work on empirical 6–9-mer
peptide sequences31, and has further accelerated omics research by
improving the throughput and efficiency of genome and proteome
mining32–36. Despite this, DL applications to polymeric antibiotics
remain scarce37, primarily due to challenges in data availability, struc-
tural diversity, and molecular representation. AMPs, derived from
diverse natural sources and extensively studied, are supported by
large, labeled datasets (typically >105 sequences). Their conserved
backbone and standardized sequence representation further facilitate
model learning. Polymeric antibiotics, by contrast, suffer from limited
and fragmented data resources; existing data often vary in synthesis
conditions, characterization protocols, and structural distributions,
making it difficult to support the development of generalizable mod-
els. The high tunability of polymer backbones and side chains further
complicates feature extraction and demands greater model general-
ization, while current representations remain inadequate for capturing
their structural complexity. Nonetheless, this flexibility presents a
unique opportunity to design multifunctional polymeric antibiotics.

Herein, we propose a comprehensive framework (PolyCLOVER)
for the design of polymeric antibiotics with integrated adjuvant effects
to combat antibacterial drug resistance. To overcome the challenges
posed by data availability, structural diversity, and molecular repre-
sentation, we employ two critical designs in the framework. 1) A graph-
based polymer foundation model, developed in our recent work38, is
applied to capture the intricate structural characteristics of polymer
systems, thereby enhancing predictive performance. 2) Multi-stage
self-supervised learning, active learning, and high-throughput experi-
ments are integrated to form an autonomous evolution workflow,
eliminating the need for a pre-established dataset. Within a combina-
torial library, PolyCLOVER can identify polymeric antibiotics that
exhibit both potent antibacterial activity and low toxicity, enabling
efficient navigation in a large chemical space without reliance on
external datasets. The ensemble multi-task predictor recommends
candidate combinations based on properties, diversity, and uncer-
tainty, which are then labeled through experiments. The resulting data
are used to update the pretrainedmodel, which then predicts the next
round of candidates. (Fig. 1a). When applied to a combinatorial poly(β-
amino ester) library comprising about 100,000 candidates (Fig. 1b),
three polymers with outstanding antibacterial efficacy against a wide
range of clinically isolated drug-resistant pathogens and low toxicity
are successfully identified. These leading compounds self-assemble
into stable nanoparticles (SANPs), which facilitate in vivo transporta-
tion and distribution. Their potent therapeutic efficacy as polymeric
antibiotics is validated in a mouse pneumonia model. Importantly, the
candidate polymer showed ultra-high encapsulation efficacy and
loading capacity when co-assembled with penicillin G. The co-
assembled NPs showed a synergistic antibacterial effect and restored
the sensitivity of drug-resistant Gram-positive pathogens to penicillin

G, demonstrating a synergistic therapeutic effect in a mouse perito-
nitis model (Fig. 1c). Taken together, the discovered polymers are
promising candidates as next-generation dual-functional antibiotics,
and suggest that PolyCLOVER can be a viable approach for the efficient
discovery of polymeric nanomedicine.

Results
Multi-stage self-supervised learning boosts model performance
on limited data
Previous studies have demonstrated that positive charges present in
polymers can effectively interact with the negatively charged bacterial
cell membrane, while groups such as alkyl chains can insert into the
bacterial cell membrane and disrupt its normal physiological function,
thereby achieving a bactericidal effect39–41. Accordingly, positively
charged and hydrophobic units were incorporated into polymers to
impart potential antibacterial activity. We also introduced hydrophilic
units and regulated the ratios of each component in a suitable range to
promote the self-assembly of the polymers into stable SANPs. Guided
by this design rationale, a combinatorial library comprising 98,304
(~100,000) poly(β-amino ester) SANPs was constructed via a multi-
component Michael addition reaction (Supplementary
Tables S1 and 2).

Next, we randomly selected 220 samples from the constructed
library for laboratory synthesis and testing of their antibacterial and
hemolytic properties to form the initial dataset. The initial dataset
spans a vast chemical space, incorporating all monomer types pre-
sented in the library (Fig. 2a, Supplementary Fig. S1). We chose
Methicillin-resistant Staphylococcus aureus (MRSA) as the model
pathogen because it stands as one of the most prevalent pathogens,
capableof causing life-threatening diseases such as sepsis, pneumonia,
and multi-organ failure42. The antibacterial activity against MRSA and
hemolytic behavior of the samples were quantitatively assessed using
optical density (OD) values at 595 nm and the hemolysis ratio,
respectively. The results reveal that the probability of identifying
effective SANPs through random sampling in the extensive combina-
torial library is very low.MostSANPs exhibitweak antibacterial activity,
while a few samples with high antibacterial activity show high hemo-
lytic toxicity (Fig. 2b). These findings underscore the considerable
challenge of achieving a balance between high antibacterial activity
and low hemolytic toxicity, highlighting the importance of ML in
guiding the design of antibacterial SANPs.

After collecting the initial dataset, we employed graph neural
networks (GNNs) for modeling, due to their strong capability in cap-
turing molecular structural features43,44. However, the intrinsic com-
plexity of copolymers, particularly the absence of a well-defined and
consistent topology, makes it challenging to represent them using the
vanilla molecular graph. To enable effective message passing between
subgraphs corresponding to individual building blocks, virtual nodes
were introduced as communication bridges, following our previously
reported approach38. In addition, three local virtual nodes were con-
nected to their respective subgraphs to encode the copolymerization
ratios (see ‘Dataset construction and preprocessing’ section in Meth-
ods).We evaluated the average test performanceof 10 commonly used
GNN backbones on antibacterial and hemolytic tasks and finally
selected a graph transformer45 with multi-head attention (Fig. 2c,
Supplementary Table S3).

Self-supervised learning has demonstrated remarkable success
across various domains of artificial intelligence by leveraging intrinsic
structural information in large-scale unlabeled data, enabling models
to learn general representations that can be effectively transferred to
downstream tasks46–49. This paradigm significantly reduces reliance on
manual annotations and improves model generalization. To this end,
we employed a periodicity-aware pretraining strategy to learn rich and
generalizable representations froma large corpus of unlabeled general
polymer data38. Building on this, our pool-based screening strategy
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enables the predictive model to access candidate SANPs that will be
evaluated during the inference phase. That is, the model is exposed to
the candidate set during training, effectively establishing a transduc-
tive learning scenario. Therefore, inspired by domain-specific large
language models, we here propose a two-stage pretraining approach,
in which the model undergoes continual pretraining on the entire
accessible unlabeled library of poly(β-amino ester)s to further exploit
the structural priors inherent in the screening space and to bridge the

gap between pretraining and fine-tuning domains (see ‘Model con-
struction’ section in Methods for full details). The ratio information of
individual building blockswas extracted using a ratio embedding layer
and assigned as the initial features of the corresponding virtual
nodes (Fig. 2d).

Subsequently, we analyzed the model’s latent space to evaluate
the effect of the two-stage pretraining. To visualize the learned poly-
mer representations in two-dimensional space, we applied t-SNE—a
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Fig. 1 | Overview of PolyCLOVER. a PolyCLOVER workflow. A graph encoder was
pretrained using a two-stage, multi-task self-supervised learning based on the con-
structed library. An initial subset of the library was sampled, followed by high-
throughput synthesis and characterization of antibacterial activity and hemolytic rate
to generate a labeled dataset. The graph encoder was then fine-tuned to form an
ensemble predictor consisting of 20 base learners. The predictor estimated the
activity and predictive uncertainty of unlabeled SANPs in the library, guiding the
iterative selection of new candidates via UCB acquisition and K-Means clustering. This
process was iteratively repeated. Created in BioRender. Ji, J. (2025) https://BioRender.
com/egwvanc. b Combinatorial library construction. The library was constructed

basedonMichael additionbetweendiacrylate and aminemonomers. 8 diacrylates and
38 amines were selected based on solubility and cost from commercially available
sources, including 16 amineswith tertiary amine side groups orBoc-protectedprimary
amine groups, 16 with hydrophobic side groups, and 6 with hydrophilic side groups.
The ratios of B, C, and D were controlled within appropriate ranges to drive self-
assembly, resulting in the formation of ~100,000 poly(β-amino esters) SANPs. c In
vitro/in vivo validation. Additional in vitro experiments were conducted to char-
acterize the detailed antibacterial activity, cytotoxicity, and particle size of the selec-
ted SANPs. The in vivo therapeutic efficacy of the SANPs, either alone or in
combination with penicillin G, was validated in pneumonia and peritonitis models.
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constructed unlabeled NP dataset to learn rich structural features. It was then fine-
tuned using the labeled NP dataset to predict antibacterial and hemolytic proper-
ties. e t-SNE visualization of representations generated by the pretrained and
unpretrained graph encoder. Each data point is colored according to the type of
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widely used dimensionality reduction algorithm that preserves local
similarities—to both the pretrained and unpretrained models (Fig. 2e;
Supplementary Fig. S2–6). It can be observed that the representations
generated by the pretrainedmodel are evenly distributed in the latent
space and exhibit clear clustering patterns, where structurally similar
SANPs (the same diacrylates) show high consistency in their repre-
sentations. In the unpretrained model, the representations are com-
pressed into narrow regions, indicating limited structural awareness
and reduced information retention. These results demonstrate that
the pretrainedmodel effectively captures key structural features while
preserving maximal information50.

The pretrained model was then fine-tuned on the initial dataset
to predict the antibacterial and hemolytic properties of SANPs. We
compared the test performance of the two-stage self-supervised
learning approach with baseline methods (Fig. 2f, g, Supplementary
Figs. S7, 8). Due to the extreme scarcity of data, the randomly
initialized model fails to capture structural patterns, resulting in
poor performance. The weighted sum approach used ratio-
weighted building block representations extracted by the pre-
trained encoder, followed by a prediction head. Its performance
showed a slight improvement but remained inadequate. In contrast,
our proposed approach achieves significantly better performance
across all metrics, demonstrating its effectiveness under data-
limited conditions. Moreover, the fine-tuned latent space reveals an
ordered, continuous distribution that aligns with activity levels,
reflecting better capture of the underlying structure–activity rela-
tionship (Supplementary Figs. S9, 10). Therefore, we adopt this
model as the base learner for subsequent structure optimization
of SANPs.

PolyCLOVER drives iterative improvements in antibacterial
activity and hemocompatibility
Although the model was optimized, the limited amount of training
data still poses a significant challenge for generalizing across the full
combinatorial library. To address this, PolyCLOVER constructs an
ensemble predictor composed of 20 homogeneous base learners,
which is then embedded into a Bayesian optimization-based active
learning framework. This pipeline facilitates efficient exploration of
the vast chemical design space of SANPs to identify structures with
potentially optimal properties.

Then, the ensemble predictor was employed to predict the
activities of unlabeled SANPs in the remaining combinatorial library.
The mean prediction across base learners was used as the activity
estimate, while the standard deviation served as an estimate of pre-
dictive uncertainty. Each candidate was then scored using the Upper
Confidence Bound (UCB) acquisition function, which balances
exploration of uncertain regions with exploitation of potentially opti-
mal candidates. To further improve optimization efficiency, we
applied the K-means algorithm to cluster the top-ranked SANPs and
selected representative structures from each cluster to enhance data
diversity. PolyCLOVER then recommended 60 candidate SANPs for
wet-lab synthesis and characterization. The newly generated data were
subsequently incorporated into the initial dataset to support the next
round of optimization (Fig. 3a; see ‘Active learning strategy’ section in
Methods for full details).

After four rounds of iterative optimization, the activities of the
recommended SANPs plateaued, suggesting convergenceof the active
learning loop (Fig. 3b–d, Supplementary Figs. S11–15). At this stage, a
greedy acquisition strategy was employed to further exploit the most
promising candidates, without considering uncertainty or diversity.
Compared to the initial dataset, the antibacterial activity of the selec-
ted SANPs showed a substantial improvement. Although the hemolytic
rate increased slightly in the intermediate rounds due to the
enhancement of antibacterial potency, it was successfully reduced to
an acceptable level in the final round of optimization. As a result, a

substantial number of SANPs identified in the final round exhibited
both high antibacterial efficacy and low hemolytic toxicity.

To gain deeper insight into the model’s behavior, we further
investigated the evolution of chemical structures and key physico-
chemical properties of the SANPs recommended by PolyCLOVER. In
the first round, an increase in LogP indicated a shift toward higher
hydrophobicity, suggesting that the model initially prioritized anti-
bacterial activity. However, excessive hydrophobicity (e.g., from
longer alkyl chains)wasoften associatedwith a higher potential for cell
toxicity21, the dual-objective task subsequently regulated this property
to balance antibacterial activity and biocompatibility (Fig. 3e). Addi-
tionally, the initially low ratio of positive charges, which may have
limited interactions with negatively charged bacterialmembranes, was
substantially increased during optimization (Fig. 3f). A sharp increase
in the de-protected primary amine of B10 suggested that the model
favored a short chain length of positive charge (Fig. 3g), a tendency
that has also been noted in some other polymer systems41,51. We also
found the unique integration of polyfluorocarbon unit (C16) effec-
tively preserved antibacterial efficacy while reduced toxicity, which
aligned with previous studies52. Nevertheless, this moiety falls under
the category of per- and polyfluoroalkyl substances (PFAS), and war-
rants attention in practical applications.

To further identify SANPs, we established a preliminary criterion
for high-potential candidates: an antibacterial optical density (OD)
value of less than 0.15 and a hemolytic rate of less than 50%. All SANPs
meeting this criterion were synthesized and purified in a single batch,
followed by detailed evaluation of their antibacterial and hemolytic
properties. The minimum inhibitory concentration (MIC) and half-
hemolytic concentration (HC50) were determined for each polymer,
and the selectivity index was calculated as the ratio of HC50 to MIC
(Fig. 3h, Supplementary Table S4). The results showed that most
SANPs exhibited strong antibacterial activity and low hemolytic toxi-
city, with selectivity indices exceeding eight. Finally, samples with a
selectivity index greater than 20 were selected, resulting in the iden-
tification of three optimal SANPs. Notably, PolyCLOVER enabled the
discovery of three highly antibacterial and low-toxic SANPs from a
combinatorial library of ~100,000 polymer candidates in just 20 days,
demonstrating its remarkable efficiency in accelerating the discovery
of new functional materials within large design spaces.

Identified SANPs exhibit promising in vitro performance
The identified SANPs were designated as H1, H2, and H3 (Fig. 4a,
Supplementary Fig. S16). The positively charged amines (B) used in the
formulation consisted of deprotected primary amines with short
chains. The hydrophobic amines (C) featured either a relatively short
tertiary alcohol or a short chain with fluorinated side groups, which
likely mitigated the hemolytic toxicity associated with longer hydro-
phobic chains. The hydrophilic amines (D) included oligomeric poly-
ethylene glycol (PEG) side groups in H1 and H3, while H2 contained a
unique amide side group. Notably, the proportion of hydrophilic
components was the lowest among the three segments, while the
proportion of positively charged groups was the highest, which is
crucial for interaction with negatively charged bacterial cell mem-
branes. Additionally, due to an excess of diacrylate during polymer
preparation, all three SANPs retained double bond residues at both
ends, allowing for potential future functional modifications. The MIC
of all three SANPs were 8μg/mL against MRSA ATCC 43300. Both the
HC50 (H1 = 168μg/mL, H2 > 512μg/mL, H3 = 266μg/mL) and the half-
maximal inhibitory concentration (IC50; H1 = 53μg/mL, H2 = 162μg/
mL, H3 = 109μg/mL; assessed in L929 fibroblast cells) followed a
consistent trend, whichwas also observed in theMLE-12 lung epithelial
cell line, with H2 exhibiting the lowest toxicity among the three
(Supplementary Fig. S17). These findings underscore the necessity of
leveraging a dual-objective optimization strategy to achieve a balance
between antibacterial efficacy and toxicity. The self-assembly
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properties of H1–3 were confirmed by dynamic light scattering (DLS)
and transmission electron microscopy (TEM). Three SANPs exhibited
particle diameters of ~100 nm, with H2 having a larger diameter
compared to H1 and H3, and all three SANPs carried positive char-
ges (Fig. 4b).

We further evaluated the bactericidal efficacy of the identified
SANPs by benchmarking them against streptomycin (SM), a broad-
spectrum antibiotic. After 9 h of co-incubation at 32μg/mL, H1 and H2
reducedMRSA viability by 3 orders of magnitude, while H3 achieved a
4-order reduction (Fig. 4c). SM exhibited the strongest antibacterial
effect, with a 5-order reduction.Meanwhile, when the tryptic soy broth

(TSB) medium was replaced with fetal bovine serum (FBS), a more
complex environment, we found that the SANPs maintained their
antibacterial efficacy, with MIC values fluctuating by only 1-2 fold. This
stabilitymay be attributed to the biologically inertfluorinated and PEG
side chains (Fig. 4d). Next, we assessed the bactericidal kinetics of the
SANPs, which is another key metric in the practical application of
antibacterials. (Fig. 4e). All three SANPs demonstrated rapid bacter-
icidal action. Notably, H1 and H2 eliminated 90% of bacteria within
60min, while H3 achieved this reduction in just 4min. In contrast, SM
exhibited significantly slower killing kinetics. As an antibiotic that
inhibits bacterial protein synthesis by targeting ribosomes53, SM
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requires prolonged exposure, aligning with prior reports that anti-
biotics generally exert bactericidal effects over several hours or
longer54. These findings highlighted that the identified SANPs not only
outperformed antibiotics in bactericidal speed but also likely operated
via a different antibacterial mechanism. Furthermore, compared to
SM, the SANPs exhibited a substantially lower tendency for resistance
development. Over a 28-day testing period, the MIC values for H1–3
fluctuated modestly (1–4 fold), while SM showed a significant 28-fold
increase in MIC (Fig. 4f). Among 11 clinically isolated drug-resistant
pathogens, the SANPs exhibited antibacterial efficacy comparable to
that observed in reference strains. In particular, the SANPs exhibited
potent activity against all tested Gram-positive bacteria, whereas
activity among Gram-negative strains was restricted to A. baumannii.
These results indicate that the antibacterial spectrum of the SANPs is
selective and biased towards Gram-positive pathogens. (Fig. 4g).

Subsequently, we investigated the antibacterialmechanism of the
identified SANPs. TEM images were obtained after 5min of co-
incubation with the identified SANPs (Fig. 4h). In the control group,
the MRSA membrane maintained a clear and intact structure. In con-
trast, after interaction with the SANPs, significant membrane disin-
tegrationwas observed, leading to the release of bacterial cell contents
and resulting in bacterial death. Live/dead bacterial staining assays
were performed after 5min of exposure to SANPs H1–3 (Fig. 4i). The
assays employed N01, which penetrated both live and dead bacteria,
binding to nucleic acids and emitting green fluorescence, while pro-
pidium iodide (PI) entered only damaged or dead bacteria, binding to
DNA and emitting red fluorescence. Confocal fluorescence micro-
scopy revealed intense red fluorescence in MRSA exposed to SANPs
H1–3, even after a short incubation period. To assess their effect on
bacterial membrane potential, we used the fluorescent probe DiSC3(5)
(Fig. 4j). This probe accumulates in intact bacterial membranes, lead-
ing to fluorescence quenching. When the membrane is disrupted, the
probe leaks from the membrane, causing fluorescence emission as its
concentration decreases. Bacterial suspensions without SANPs exhib-
ited negligible fluorescence intensity. In contrast, the addition of Tri-
ton X-100, a strong surfactant, resulted in a significant increase in
fluorescence emission due to membrane destabilization. SANPs H1–3
induced robust fluorescence signals, confirming their ability to disrupt
bacterial membrane potential. SM, however, did not induce fluores-
cence, consistent with its non-membrane-targeting antibacterial
mechanism. The membrane-attaching mechanism of the SANPs was
further revealed by molecular simulations. All-atom molecular
dynamics results demonstrate that when the SANPs approach the cell
membrane, they rapidly adsorb to the surface. This process is primarily
driven by electrostatic interactions. (Fig. 4k, Supplementary Fig. S18).
Analysis of these results suggests that the identified SANPs likely exert
their bactericidal effects through strong interactions with the cell
membranes of MRSA in a short timeframe.

Identified SANPs eradicate lung infection with high efficacy and
biocompatibility
The therapeutic efficacy of the identified SANPs was further investi-
gated in a mouse lung infection model. MRSA-induced acute pneu-
monia is among themost encountered lung infections, featuring ahigh
incidence rate and significantmortality55. Femalemicewere inoculated
with MRSA to establish an acute pneumonia model by intratracheal
instillation (Fig. 5a). The identified SANPs were administered via tail
intravenous injection (IV injection) on the following day. Mice were
euthanizedonedaypost-treatment, and lung tissueswere collected for
morphological observation and bacterial counting. The PBS-treated
group presented unhealthy dark red lung appearances. In contrast, the
lungs of the identified SANPs-treated group appeared healthy and
pink. Bacterial counts from tissue homogenates indicated that the
SANPs-treated group demonstrated significant improvement, redu-
cing bacterial counts by three orders of magnitude, comparable to the

results observed in the SM-treated group (Fig. 5b, c). The results of
H&E staining revealed that the alveolar structure was collapsed in the
PBS treatment group. In contrast, it remained porous in the SANPs-
treated group, indicating the relief of lung infection. Additionally,
Masson staining showed no significant blue fiber deposition, further
suggesting that H1–3 exhibited a favorable therapeutic effect. And
CD68 staining demonstrated that H1–3 modulated the excessive
inflammatory response. (Fig. 5d).

To examine the distribution of the SANPs in mice post-injection,
rhodamine Bwas conjugated to the SANPs through a reaction between
isothiocyanate and the amine groups (Supplementary Fig. S19). Sta-
tistical results and fluorescence images of mouse organs were cap-
tured 2 h post-injection (Fig. 5e, f). The results revealed that most of
the fluorescencewas concentrated in the liver, with a notable presence
in the lungs, indicating that the SANPs effectively reached lung tissue
via the tail vein injection. Next, we assessed the tissue toxicity of the
SANPs (Supplementary Fig. S20). Histological analysis of heart, liver,
spleen, lung, and kidney samples fromSANPs-treatedmice revealed no
significant tissue necrosis compared to the PBS control group. The
lung sections exhibited a healthy, loose alveolar structure, and no
damage was observed in the glomeruli or renal tubules of the kidney
sections. In conclusion, the identified SANPs demonstrated no evident
tissue toxicity.

Identified SANPs restore MRSA susceptibility to penicillin G
The above investigation demonstrated the intrinsic antibacterial
activity and self-assembly properties of the identified SANPs. Fur-
thermore, we evaluated the potential of the SANPs as antibiotic adju-
vants. It was anticipated that abundant functional groups within the
SANPs could be integrated with antibiotics to form nanocomposites,
thus enhancing the penetration of antibiotics through bacterial
membranes. MRSA resistance primarily arises from the acquisition of
the mecA gene, which encodes penicillin-binding protein 2a (PBP2a)56.
PBP2a has a significantly reduced affinity for β-lactam antibiotics, such
as penicillin G (PG), making these agents largely ineffective against
MRSA. The integrated nanocomposites held promise for bypassing
this resistance barrier by facilitating more effective antibiotic delivery.

We demonstrated that the SANPs efficiently encapsulated PG,
thereby reinstating the susceptibility of MRSA to this antibiotic.
Checkerboard assays revealed a clear synergistic effect between the
identified SANPs and PG, with all fractional inhibitory concentration
index (FICI) values less than 1. Notably, the FICI value between H2 and
PG reached 0.375. At sub-MIC concentrations of H2, the MIC of PG
was reduced from 128μg/mL to 4 μg/mL (Fig. 6a). At optimal ratios,
the SANPs and PG formed stable spherical nanocomposites with
diameters ranging from ~100 to 200nm. TEM images obtained in the
dry state clearly showed PG crystals encapsulated within the nano-
composites (Fig. 6b, Supplementary Fig. S21). Interestingly, in con-
trast to previous observations, the H2-PG nanocomposites exhibited
the smallest size and a more uniform distribution among the three
(Supplementary Fig. S22). Furthermore, H2 almost completely
encapsulated PG, with a drug loading rate close to 50%, indicating a
strong interaction between the two components (Supplementary
Fig. S23). Molecular dynamics simulations further confirmed the
presence of electrostatic interactions between H2 and PG, with a
distinct assembly trend observed over 50 ns (Fig. 6c, Supplementary
Fig. S24). Based on the above findings, we speculate that, due to the
cationic and hydrophobic properties, the SANP nanocomposites can
act as membrane-disruptive carriers that preferentially accumulate
and integrate into bacterial membranes57. This process leads to
passive enrichment of PG at the membrane interface, thereby
increasing its local concentration. At the same time, the membrane-
disruptive effect of SANPs may generate additional cell wall frag-
ments in the surrounding environment, which could kinetically
facilitate the acylation of the active-site serine of PBP2a by β-
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lactams58, ultimately overcoming the low-affinity resistance
mechanism. For subsequent in vivo evaluations, we selected the H2-
PG nanocomposite, which exhibited optimal synergy (FICI = 0.375),
the highest encapsulation efficiency (EE = 97%), and a smaller particle
size (106 nm).

To evaluate the in vivo therapeutic potential of H2 as a penicillin
enhancer, we tested H2-PG nanocomposites in a lethal MRSA perito-
nitis model, comparing the results with treatments using H2 and PG
alone. This model induces systemic diseases, such as sepsis, more
readily than respiratory infectionmodels,making it a stringent test for
therapeutic strategies. We used a neutropenic mouse model, which is
well-established for evaluating antibiotic efficacy59. Immunosuppres-
sion in mice was induced by cyclophosphamide injection prior to
infection. On day 4, mice were infected via intraperitoneal injection
with MRSA (1 × 107 CFU), using a lab-induced strain highly resistant to
PG in vitro (MIC> 64μg/mL), followedby the administration of various
treatments. After 24 h, the mice were euthanized. Blood and tissues

(liver, kidney, spleen, and lung) were harvested for bacterial quantifi-
cation (Fig. 6d). Treatment with H2 (10mg/kg), PG (10mg/kg), SM
(10mg/kg), and H2-PG nanocomposites (5mg/kg) resulted in a
reduction of the average bacterial loads in these organs by 1.2, 0.9, 2.3,
and 2.5 log units, respectively, compared to untreated controls
(Fig. 6e, f). This result suggests that in the context of MRSA infection,
PG exhibits minimal therapeutic efficacy. In contrast, the H2-PG
nanocomposites exhibited anti-infective efficacy comparable to that of
streptomycin. Serum inflammatory cytokine analysis revealed a similar
trend, with significant reductions in pro-inflammatory markers
observed in the H2-PG nanocomposite-treated group (Fig. 6g). Histo-
logical examination through H&E staining further confirmed that the
H2, SM, and H2-PG treatment groups significantly ameliorated tissue
damage compared to untreated controls (Fig. 6h). Acute toxicity
evaluation in healthy mice showed no significant changes in body
weight, organ indices, or serum biochemical markers after treatment
with H2 or H2-PG, indicating the absence of detectable systemic
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Fig. 5 | Therapeutic efficacy of identified SANPs in treating acute pneumonia
in vivo. a Schematic illustration of the acute pneumonia model construction and
treatment protocol in mice. On day 0, mice were anesthetized with isoflurane, and
MRSA suspension (108 CFU/mL, 60μL) was administered intratracheally to induce
infection. On day 1, the identified polymers H1, H2, H3 and SM were administered
via tail vein injection at a dose of 5mg/kg. On day 2, themice were euthanized, and
their lungs were excised for morphological observation. The lung tissue was
homogenized for further bacterial colony counts. Created in BioRender. Ji, J. (2025)
https://BioRender.com/qnaeui1. b Visual examination of mouse lung appearance
and bacterial colony culture from tissue homogenate to assess infection.

c Quantification of lung bacterial load through colony counting in infected mice.
d Histological analysis of lung tissues using H&E, Masson, and CD68 staining to
evaluate the extent of tissue damage, fibrosis, and inflammation. Scale bar: 300 nm.
e, f Quantitative results and fluorescence imaging of the distribution of SANPs
within the mice to determine tissue targeting efficiency. In panels (b) and (d),
experiments were performed in triplicate, with consistent results, and one repre-
sentative image is shown. In panels (c) and (f), data are expressed as mean± s.d.
(n = 3 independent replicates). Statistical analysis was performed using one-way
ANOVA. Source data are provided as a Source Data file.
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Fig. 6 | In vitro mechanism validation and in vivo efficacy evaluation of iden-
tified SANPs in restoring MRSA susceptibility to penicillin G. a Checkerboard
assays assessing the antibacterial synergy between identified SANPs and penicillin
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b Characterization of SANPs-PG nanocomposites, including size distribution (by
DLS), morphology (by TEM; scale bar: 1μm), encapsulation efficiency (EE%), and
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simulation of the assembly process of H2 and PG. d Schematic illustration of the
lethal MRSA peritonitis model and corresponding treatment strategy. Cyclopho-
sphamide was administered intraperitoneally (150mg/kg on day 1 and 100mg/kg
on day 3) to induce immunosuppression. On day 4, mice were intraperitoneally
infected with 1 × 107 CFU of MRSA. Post-infection, mice were treated

intraperitoneally with H2 (10mg/kg), PG (10mg/kg), SM (10mg/kg), H2-PG nano-
complex (5mg/kg), or PBS (100μL, control). After 24 h, the mice were euthanized,
and samples of serum, spleen, lung, liver, and kidney were collected. Created in
BioRender. Ji, J. (2025) https://BioRender.com/9obgfww. e Plate culture images of
bacterial colonies obtained from liver tissue homogenates. f Quantification of
bacterial loads in liver, kidney, spleen, and lung tissues. g Concentrations of
inflammatory cytokines in mouse serum. h Histological analysis of liver, kidney,
spleen, and lung sections stained with H&E. Scale bar: 300 nm. In panels (b, e, h),
experiments were performed in triplicates with consistent results, and one repre-
sentative image is shown. In panels (f, g), data are expressed as mean± s.d. (n = 4
independent replicates). Statistical analysis was performed using one-way ANOVA.
Source data are provided as a Source Data file.
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toxicity in vivo (Supplementary Fig. S25). These results collectively
demonstrate that H2 has substantial potential as an antibiotic adju-
vant, capable of restoring bacterial susceptibility to antibiotics.

Discussion
In summary, we develop PolyCLOVER, a deep learning-guided frame-
work for the design of polymeric antibiotics with integrated adjuvant
effects to combat antibacterial drug resistance. By integrating multi-
stage self-supervised learning, active learning, and high-throughput
experimentation, PolyCLOVER enables efficient navigation of a vast
polymeric chemical space without reliance on external datasets.
Within 20days, the framework successfully identified three leadSANPs
from a library of ~100,000 candidates. These SANPs exhibited strong
antibacterial activity against drug-resistant pathogens while main-
taining lowhemolytic toxicity. Remarkably, these three SANPs not only
function as stand-alone antibacterials but also possess antibiotic
delivery capacity that restores bacterial susceptibility to antibiotics, as
confirmed by both in vitro and in vivo validation. These results
demonstrate the therapeutic potential of the identified SANPs in
combating drug-resistant bacterial infections. At present, the optimi-
zation objective is limited to planktonic bacteria; however, it can be
naturally extended to more challenging targets, such as bacterial bio-
films, in future work.

To alleviate data scarcity in polymer science, inspired by the
development of domain-specific large language models, we propose a
multi-stage learning pipeline involving sequential training on an
unlabeled general polymer dataset, the unlabeled poly(β-amino ester)
library, and the small, labeleddataset. Notably, the goal of PolyCLOVER
is to search and optimize candidates with desired properties within a
predefined combinatorial chemical space, rather than to directly apply
the fine-tuned model to other polymer families. Therefore, although
our approach exhibits a transductive nature, it allows for more effec-
tive utilization of unlabeled structural information in data-scarce set-
tings, thereby improving model performance within the targeted
candidate library. Collectively, this multi-stage training strategy pro-
vides a data-efficient paradigm for screening in large chemical
libraries.

More broadly, we established PolyCLOVER as a generalizable and
scalable platform not only applicable to poly(β-amino ester)s but also
potentially extensible to a broad range of polymer backbones and
complex topologies, including branched or star-shaped architectures.
Through continuous interaction with internal experimental data, it
enables autonomous evolution of functional polymers within a large
chemical space, achieving complex design objectives without relying
on external data. As such, PolyCLOVER offers a blueprint for next-
generation polymeric biomaterial discovery frameworks that are
adaptive, continuously learning, and extensible to the design of
materials with precisely tailored functions.

Methods
Construction of SANPs library
Poly(β-amino ester)s can be synthesized through the Michael addition
between diacrylate and amine monomers, enabling extensive custo-
mization of the polymer chemical properties60. Such polymers have
been widely explored for their ability to deliver DNA and proteins due
to their inherent positive charge61,62. It can also be expected to estab-
lish antibacterial libraries based on poly(β-amino ester)s, given their
positive charge nature. In this study, 8 diacrylates with distinct struc-
tures were selected from commercially available sources based on
solubility and cost considerations. 16 amines with tertiary amine side
groups or Boc-protected amino groups were selected as the positively
charged components. Additionally, 16 amines with hydrophobic side
groups and 6 with hydrophilic side groups were prepared (Supple-
mentary Table S1). Eight different feeding ratios were set to ensure its
self-assembly capacity (Supplementary Table S2).

Chemical synthesis of poly(β-amino ester)s
The step-growth polymerization of Michael addition produces linear
polymers with ester and tertiary amine structures in their skeleton. In
this study, reaction occurred between diacrylates and three types of
amines to produce random copolymers (Supplementary Fig. S26). The
polymer is formedby alternatingdiacrylate and amineunits, with three
types of amines randomly distributed along the chains. Themolar ratio
of diacrylate to amine was set at 1.2:1. Initially, the amine monomer
solution (3M in DMF) was pipetted to a reaction vial containing 48μL
of diacrylate (3M in DMF) according to the specified ratio. The reac-
tion mixture was then heated to 90 °C and stirred magnetically for
24 h. For combinations with Boc-protected aminemonomers, 80μL of
trifluoroacetic acid was added after polymerization. The solution was
stirred overnight at room temperature to remove the protective
group. Finally, the crude product was purified by precipitating in
ether/dichloromethane (1:1 in vol%) solution three times. All samples
involved in the screening process are summarized in Supplemen-
tary Data 1.

Antibacterial and hemolytic activity labeling
The synthesized and purified polymer was dissolved in DMSO at the
concentration of 1.28mg/mL. Fresh MRSA (ATCC 43300) was incu-
bated in TSB overnight (120 rpm, 37 °C). The bacterial suspension was
then diluted and calibrated to a concentration of 105 CFU/mL. 195μL
bacterial solution was added to each well in the 96-well plate, followed
by addition of 5μL polymer solution (final concentration at 32μg/mL).
The bacterial suspension was further incubated at 37 °C for 9 h. OD
values at 595 nm of each well were by the microplate reader.

For the hemolysis assay, 4% red blood cell (RBC) suspension
obtained from New Zealand White rabbits (purchased from Dr. Can
Bioscience Inc., Hangzhou, Zhejiang, China) was used. First, 195μL
suspension was added to each well of the 96-well plate, and then 5μL
polymer solution was added to achieve a final polymer concentration
of 128μg/mL. The negative control group was added with 5μL PBS,
and the positive control group was added with 5μL 0.4% Triton X-100.
The plates were incubated at 37 °C for 1 h. After incubation, the plates
were centrifuged at 4 °C (200 × g, 10min). After centrifugation, the
100μL supernatant was gently transferred into a new96-well plate. OD
values at 576 nm were measured, and the hemolysis ratio was calcu-
lated according to the following formula:

Hemolysisratio =
ODsample �ODnegativecontrol

ODpositivecontrol �ODnegativecontrol
: ð1Þ

Dataset construction and preprocessing
In this study, a combinatorial polymer library of 98,304 poly(β-amino
ester) SANPs is constructed via the Cartesian product of 8 diacrylates
(A), 16 cationic amines (B), 16 hydrophobic amines (C), 6 hydrophilic
amines (D), and 8 specific formulation ratios. Given the high-
throughput nature of this study, direct characterization of actual
monomer incorporation ratios for each candidate would be neither
cost-effective nor necessary. Instead, feeding ratios—combined with
chemical structures—are used as practical and consistent model
inputs. This design enables efficient, data-driven prediction of biolo-
gical activity, while maintaining alignment between training and
inference conditions. The four-component Michael addition poly-
condensation product is treated as a random arrangement of three
building blocks (A−B, A−C, A−D). The structure of each building block
is generated by the reaction module of the RDKit63 package according
to the general formulas:

‘[NH2:1][C;!$(C=O):6].[C:2] = [C:3][C:4] = [O:5]»[*]-[N:1]([C;!
$(C =O):6])-[C:2][C:3][C:4] = [O:5]’ and ‘[C:1] = [C:2][C:3] = [O:4]»[*]-
[C:1][C:2][C:3] = [O:4]’.
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The copolymers are further converted into graph
representations38. Specifically, repeating units of the copolymer is first
transformed into three separate molecular line graphs fGs

i g
3
i = 1. The

atom and bond features are summarized in Supplementary Tables S5,
6. The initialization of node features in the line graphs is defined as:

hreal
v = concatðWvxi +Wvxj ,Wexi, jÞ, ð2Þ

where Wv 2 R0:5d ×datom and We 2 R0:5d ×dbond are trainable weights, d
denotes the dimensionality of the embedding space, xi, j is the fea-
ture of a bond represented as a node in the line graph, and xi, xj are
the features of the atoms at its two ends. Then, a global virtual node
vglobal is introduced and connected to all nodes across subgraphs to
facilitate inter-subgraph message passing. Three local virtual nodes
fvlocali g3i = 1 are connected to their corresponding components to
specify the ratios of individual building blocks frig3i = 1. The features of
these virtual nodes are initialized according to the following
equation:

hvirtual
v =

embeddingðriÞ, if v 2 fvlocali g3i= 1
hglobal, if v= vglobal

(
ð3Þ

where embedding : frig ! Rd is a trainable embedding function that
maps discrete indices to continuous vector, hglobal 2 Rd is a trainable
vector. Furthermore, to enrich the graph representation, we incorpo-
rate RDKit and Mordred64 descriptors of each repeating unit into each
subgraph via additional virtual nodes fvaddi g3i= 1. As a result, we use
G= ðV , EÞ to denote the ensembled graph of poly(β-amino ester)s in
the following.

Model construction
Model architecture. We selected graph transformer (GT) architecture
as the backbone of neural network, specifically adopting LiGhT45, due
to its superior performance among ten commonly used GNN variants.
To encode graph structural information into Transformer, Path
Encoding (PE) andDistance Encoding (DE) are employed. Formally, the
path feature ap

i, j between vi and vj in the path attention matrix Ap 2
RNv ×Nv is defined as follow:

ap
i, j =W

p 1
Np

XNp

n= 1

Wp
nhvn

, ð4Þ

where hvn
represents the feature of the n-th node in the shortest path

between vi and vj , Np represents the number of nodes in the path,
Wp

n 2 Rdp ×d and Wp 2 R1 ×dp are trainable weights. Similarly, the dis-
tance feature ad

i, j between vi and vj in the distance attention matrix
Ad 2 RNv ×Nv is calculated as follow:

ad
i, j =W

d
2σðWd

1 di, jÞ, ð5Þ

where di, j represents the distance between vi and vj,W
d
1 2 Rdd × 1 and

Wd
2 2 R1 ×dd are trainable weights. Based on the structural encodings,

GT processes the graphs through stacked attention layers. For a given
feature matrix HðlÞ 2 RNv ×d , the backbone of GT updates node repre-
sentations using the following formulation:

Qk =H
ðlÞWQ

k ,Kk =H
ðlÞWK

k ,Vk =H
ðlÞWV

k ,

Ak = softmax
QkK

>
kffiffiffiffiffiffi

dk

p +Ap +Ad

 !
,Ok =AkVk ,

Hattn = LayerNormðconcatðO1,O2, :::, ONh
Þ+HðlÞÞ,

Hðl + 1Þ =LayerNormðW 2σðW 1HattnÞ+HattnÞ,

ð6Þ

where WQ
k ,W

K
k ,W

V
k 2 Rd ×dk are trainable weights of k-th head,

W 1 2 R4d ×d , W 2 2 Rd ×4d are trainable weights of the feed-forward
network, σð�Þ is theGELU activation function, dk =d=h is the dimension
of eachattentionhead,h stands for thenumber of heads. After thefinal
GT layer, the learned node representations are aggregated into a
graph-level embedding using a readout operator:

hG = concatðmeanðfhreal
v gÞ,meanðfhvirtual

v gÞ,meanðfhadd
v gÞÞ: ð7Þ

Finally, the graph-level embedding hG is then passed through a
projection head to produce the final predictions:

ŷ=Wproj
2 σðWproj

1 hGÞ, ð8Þ

where ŷ 2 R2 denotes the predicted antibacterial and hemolytic
properties, Wproj

1 2 Rd ×4d and Wproj
2 2 R2 ×d are trainable weights.

Training objectives. In this work, we propose a multi-stage learning
strategy designed to fully leverage the structural priors of polymers.
This strategy consists of three sequential stages: (1) general polymer
knowledge learning, (2) continual pretraining to capture structural
features specific to poly(β-amino ester)s, and (3) fine-tuning for
activity prediction.

In the first stage, we adopt the pretraining approach proposed in
our previous work38, performing SSL on about one million unlabeled
structures to capture general knowledge of polymers. Specifically,
given a batch of N polymers, Periodicity Augmentation is employed to
generate different views as positive pairs (different head-to-tail orders
and numbers of repeating units), while different polymers are treated
as negative pairs. Next, randommasking is applied to 50% of the nodes
in the constructed graphs. 80% of the selected nodes are replacedwith
a special [MASK] token, 10% are replaced with random nodes, and the
remaining 10% are left unchanged. We adopt a multi-task SSL strategy
to capture the hierarchical structural features of polymers. A con-
trastive loss LCL (InfoNCE Loss) is applied to pull positive pairs closer
and push negative pairs apart, while a reconstruction lossLrecon (Cross
Entropy Loss) is applied to recover the masked nodes:

LInfoNCEðiÞ= � log
expðz>i z0i=γÞP

k≠i expðz>i zk=γÞ+
P

k expðz>i z0k=γÞ
,

LCL =
1
n

Xn
i = 1

LInfoNCEðiÞ+
1
n

Xn
i = 1

L0
InfoNCEðiÞ,

Lpretrain =LCL +Lrecon,

ð9Þ

where zi and z0i are the latent embeddings of two augmented views of
the same polymer, γ is a temperature parameter, L0

InfoNCEðiÞ denotes
the symmetric loss LInfoNCEðiÞ for the paired positive sample.

However, there exists a substantial gap between the pretraining
dataset and the downstream finetuning domain. In this work, we pro-
pose to adopt a continual pretraining strategy, in which the graph
encoder is further pretrained on the constructed unlabeled library of
poly(β-amino ester)s to fully exploit the structural priors inherent in
the screening space. In this stage, two independent randommasks are
applied to the same poly(β-amino ester) to form a positive pair, while
different poly(β-amino esters) serve as negative pairs. The pretraining
objective remains consistent with Eq. (9).

After the two-stage pretraining, the model is finetuned to predict
antibacterial and hemolytic activities. For this purpose, a randomly
initialized projection head is attached to the pretrained graph encoder
to output the predicted activity values. We optimize the model using
the MSE Loss, where the objective is to minimize the difference
between the predicted activities ŷ and the experimentally measured
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activities y for each sample. The loss is defined as:

Lfinetune =
1
N

XN
i= 1

kyi � ŷik22: ð10Þ

Training details. In pretraining stage, the model is trained using the
Adam optimizer with a learning rate of 2 × 10−4, a weight decay of
1 × 10−6, and a batch size of 96 for 10,000 steps. In finetuning stage, the
model is trained with a batch size of 32. Hyperparameters, including
learning rate, dropout, and weight decay, are selected via grid search
based on validation performance (Supplementary Table S7). The
learning rate is dynamically adjusted using the PolynomialDecayLR
scheduler. Early stopping with a patience of 20 epochs is employed
based on validation performance. All experiments are implemented in
PyTorch with DGL and trained on three NVIDIA RTX 4090 GPUs.

Evaluation metrics. To quantitatively assess model performance on
each tasks, we employ the following metrics: root mean squared error
(r.m.s.e.), mean absolute error (m.a.e.), Pearson coefficient (R), and
top-n r.m.s.e. for test samples with the highest activity. These metrics
are defined as follows:

r:m:s:e:=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

i= 1
ðyi � ŷiÞ2

r
,

m:a:e:=
1
N

XN
i = 1

jyi � ŷij,

R=
PN

i= 1ðyi � �yÞðŷi � ŷÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i = 1ðyi � �yÞ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i = 1ðŷi � ŷÞ2

q ,

Top� nr:m:s:e:=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

X
i2Tn

ðyi � ŷiÞ2
vuut ,

ð11Þ

where y is themeasured value, ŷ is the predicted value, �y is themean of
measured values, ŷ is the mean of predicted values, Tn denotes the
indices of the top-n test samples with the highest activity.

Active learning strategy
An active learning framework is applied over multiple rounds to
optimize antibacterial and hemolytic properties of candidates, for-
mulated as a dual-objective regression task. The optimization target
for each sample is defined as a scalar score, computed as a weighted
sum of the predicted antibacterial activity and hemolysis ratio:

sðxÞ=
X
i

λiŷi, ð12Þ

where λi is the weighting coefficient that balances the relative
importance of the two objectives.ŷi is the prediction for the i-th task.
In this work, λ for antibacterial activity was empirically set to 0.7,
while λ for hemolytic activity was set to 0.3. To estimate the model’s
prediction μ(x) and uncertainty σ(x), an ensemble learning approach
is employed. Specifically, 20 independent models are trained, and
for each sample, the predicted mean and standard deviation are
calculated from the outputs of the ensemble members. To select
candidate SANPs in each round, the UCB acquisition function is
employed, balancing exploitation of high-performing samples and
exploration of uncertain regions. The acquisition function is defined
as:

αUCBðxÞ=μðxÞ+βσðxÞ, ð13Þ

where β is a hyper-parameter controlling the trade-off between
exploration and exploitation (β = 2).

In each round, K-Means algorithm is applied to group the top-
ranked samples (γ =0.1) into 20 clusters. From each cluster, the top
3 samples based on are selected, yielding a total of 60 candidates
(Supplementary Table S8). These samples are then experimentally
tested for antibacterial activity and hemolysis ratio. After several
iterations of this process, the entire library is predicted and ranked
using the final model. The top 60 candidates, based on their predicted
scores s(x), are synthesized and characterized again to validate the
model’s predictive performance and assess the effectiveness of the
active learning approach.

MIC assay. MRSA was incubated in TSB overnight (120 rpm, 37 °C).
The bacterial suspension was then diluted and calibrated to a con-
centration of 105 CFU/mL. Purified SANPs were dissolved in DMSO to a
concentration of 2.56mg/mL. 195 μL MRSA suspension was added to
the 96-well plate, and 5μL tested SANPs solution was added to each
well. The SANPs concentration was serially diluted two-fold, ranging
from 32μg/mL to 4μg/mL. The plate was incubated for 9 h. TSB
solution served as the control group. The MIC was determined as the
lowest concentration that resulted in a completely clear solution.

HC50 assay. RBC suspension (195μL) was added to each well of a 96-
well plate, followed by the addition of 5μL of purified SANPs solution.
The final SANPs concentrations tested were 8, 16, 32, 64, 128, 200, 256,
400, and 512μg/mL, respectively. The negative control group was
added with 5μL PBS, and the positive control group was added with
5μL 0.4% Triton X-100. The plates were incubated at 37 °C for 1 h, then
centrifuged at 4 °C (200 × g, 10min). After centrifugation, 100μL
supernatant was transferred into a new 96-well plate. OD values at
576 nm were measured using a microplate reader, and the hemolysis
ratio for each SANPs concentration was calculated. HC50 was deter-
mined by fitting the hemolysis ratio-concentration curve to identify
the SANPs concentration at which 50% hemolysis occurred.

Bacterial strains. The model strain used for high-throughput screen-
ing, S. aureus ATCC 43300 (MRSA), was purchased from the Shanghai
Bioresource Collection Center (Shanghai, China). For subsequent
characterization assays, three reference strains (S. aureus ATCC 29213,
S. epidermidis ATCC 35984, and A. baumannii ATCC 19606) and eleven
clinically isolated drug-resistant pathogens, including S. aureus-MRSA,
VISA, S. capitis-MRSC, E. faecalis-VRE, A. baumannii-MDRAB, P. aeru-
ginosa-CRPA, K. pneumoniae-CRKP, were obtained from the Depart-
ment of Infectious Diseases, Sir Run Run Shaw Hospital, School of
Medicine, Zhejiang University.

Checkerboard assay. A checkerboard assay was performed to evalu-
ate the synergistic effects of penicillinG sodium (PG) and the identified
polymers (H1–3) against MRSA. The MICs of H1–3 were first deter-
mined, followed by the checkerboard assay conducted in 96-well
microtiter plates. PG was serially diluted along the vertical axis from
128 µg/mL to 8 µg/mL, while the polymers were diluted along the
horizontal axis: H1 and H3 ranged from 16 µg/mL to 1 µg/mL, and H2
ranged from 32 µg/mL to 2 µg/mL. The final row and column contained
wells where both the polymer and PG concentrations were 0 µg/mL as
controls. The plates were incubated at 37 °C for 9 h, and all experi-
ments were performed in triplicate to ensure reproducibility and
reliability.

Preparation and characterization of H2-PG nanocomposites. The
optimal formulation ratio for H2-PG nanocomposites was determined
based on checkerboard assays. A stock solution of PG was prepared at
10mg/mL in deionized water, while the polymer stock solution was
10.24mg/mL in DMSO. Prior to use, the polymer solution was diluted
with deionized water. For NC preparation, PG was diluted to 1mg/mL
in deionized water, and the polymer solution was diluted to the
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optimal concentration. Equal volumes of the PG andpolymer solutions
weremixed, vortexed for 30 s, and incubated at room temperature for
5min to allow nanocomplex formation.

The hydrodynamic diameter of the NCs was measured using DLS
on a Malvern Zetasizer Advance Pro (Blue Label). The zeta potential
was also determined using the same instrument. The morphology of
the NCs was examined by TEM.

The encapsulation efficiency (EE) and drug loading capacity (LC)
of the antibiotic-loaded NCs were quantified using UV–Vis spectro-
scopy. NCs were prepared as described above and subsequently sub-
jected to ultrafiltration using a 3 kDamolecular weight cutoff (MWCO)
membrane to separate free PG from the nanocomplexes. The filtrate
was collected and diluted appropriately, and its absorbance spectrum
was recorded in the wavelength range of 185–220nm using a UV–Vis
spectrophotometer. Due to interference from the mixture, a slight
shift in the position of the maximum absorption peak was observed;
thus, the peak exhibiting the highest absorbance within this range was
used to determine the concentration of unencapsulated PG. The EE
and LC were calculated according to the following equations:

W encapsulated =W total �W free

EEð%Þ= W encapsulated

W total
× 100

LCð%Þ= W encapsulated

Wpolymer +W encapsulated
× 100

ð14Þ

whereW total represents the initial total amount of PG, W free is the
amount of unencapsulated PG quantified from the filtrate, and
Wpolymer +W encapsulated corresponds to the total mass of the
nanocomplexes.

Ethical statement
Micewere obtained andmaintained in pathogen-free conditions at the
Laboratory Animal Centre of Zhejiang University and raised at
20–22 °C and 40–70% humidity, with a dark-light cycle of 12 h. All
animal studies were performed in compliance with the guide for care
and use of laboratory animals and adopted the protocol that has been
approvedby Institutional Animal Care andUseCommitteeofCDSERof
Zhejiang University (IACUC-25-S257).

Mouse pneumonia model. On day 0, healthy female ICR mice
(18–20 g) were anesthetized with isoflurane. MRSA suspension (108

CFU/mL, 60μL) was administered intratracheally. Successfully infec-
ted mice were randomly divided into five groups (n = 3). On day 1,
polymers H1, H2, H3, and SM were administered via tail vein injection
(5mg/kg). PBS served as the control. On day 2, the mice were eutha-
nized, their lungs were excised for morphological observation. The
lung tissue was homogenized for further bacterial colony counts.

Lethal MRSA peritonitis model. A lethal MRSA peritonitis model was
established in 20 male C57BL/6 mice (18–20g), randomly assigned to
five groups (n = 4). Cyclophosphamide was administered intraper-
itoneally (150mg/kg on day 1 and 100mg/kg on day 3) to induce
immunosuppression. On day 4, mice were intraperitoneally infected
with 1 × 107 CFUofMRSA. Post-infection,mice received intraperitoneal
treatments: H2 (10mg/kg), PG (10mg/kg), SM (10mg/kg), H2-PG
nanocomplex (5mg/kg), or PBS (100μL, control). After 24 h,micewere
euthanized, and serum, spleen, lung, liver, and kidney samples were
collected. Serum samples were used for the evaluation of inflamma-
tory cytokine levels, while the harvested organs were analyzed for
bacterial load and histopathological examination.

Statistics and reproducibility
Statistical analyses were performed using GraphPad Prism (version
10.1.2). One-way ANOVA followed by post hoc multiple-comparison
tests was used. Data are presented as mean ± standard deviation (SD).

Exact p values are shownon thefigures. No statisticalmethodwasused
to predetermine sample size, no datawere excluded from the analyses.

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

Data availability
The data that support the findings of this study are available within the
main text and the Supplementary Information. The pretrained check-
points andprocessed datasets are available at https://doi.org/10.6084/
m9.figshare.2887696165. Source data are provided with this paper.

Code availability
The code of the work is available via GitHub at https://github.com/
wuyuhui-zju/PolyCLOVER and via figshare at https://doi.org/10.6084/
m9.figshare.2887696165.
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