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Abstract 34 

Structure-based molecular optimization requires supervision that captures scaffold modifications 35 

associated with experimental activity. Here we introduce LeadFlow, combining maximum common 36 

substructure supervision from assay-consistent chemical series, Bayesian Flow Networks for joint 37 

generation of three-dimensional coordinates and molecular graphs, and experimental activity-based direct 38 

preference optimization (DPO). On MolGenBench, LeadFlow recovered reference active scaffolds in 39 

approximately 400 of 600 series and exact active molecules in approximately 120 series. Controlled 40 

scaffold-definition ablations supported broader active-chemotype recovery and fused-ring elaboration. 41 

Activity-based DPO increased activity-weighted recovery relative to pretraining and docking-score-based 42 

preferences. In a prospective ClpP campaign, generation followed by computational filtering and medicinal 43 

chemistry selection yielded five synthesized compounds with lower mean EC₅₀ values than the starting 44 

compound A1. DC-ClpP-03 reached 38.7 nM, an approximately 156-fold potency improvement. These 45 

results support chemical-series supervision and experimental preferences for scaffold-conditioned 46 

molecular optimization. 47 

1 Introduction  48 

Generative models offer new approaches to molecular design for drug discovery1-5. In recent years, 49 

deep generative models have emerged as promising tools for de novo ligand design. However, empirical 50 

evidence suggests that these methods still struggle to rediscover active ligands for specific targets6,7. 51 

Furthermore, de novo generation approaches frequently produce molecules that lack feasible synthetic 52 

routes8,9, making it difficult to validate whether the newly generated molecules are truly active. These 53 

problems limit the practical value of current de novo generation methods in drug discovery. In contrast, 54 

lead optimization based on lead scaffolds is a more practical scenario for current generative models, as it 55 

enables exploration of viable chemical space while preserving validated core structures and can reduce the 56 

risk of synthetically infeasible designs10-12.  57 

However, this strategy remains significantly under-explored. Ligand-based optimization methods 58 

often extract pharmacophore features or molecular surface properties from reference compounds to guide 59 

generation13-15. While these approaches can identify novel active molecules, they often fail to preserve the 60 

core scaffold during generation, which deviates substantially from the practical requirements of hit-to-lead 61 

optimization. Structure-based molecular optimization (SBMO) methods, on the other hand, largely reduce 62 

the optimization task to a geometric completion problem of elaborating a given scaffold within a protein 63 
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pocket16-19. Although such approaches can retain the given scaffold to some extent, their training 64 

supervision may inadequately represent activity-relevant scaffold modifications, resulting in limited 65 

practical optimization performance10. This limitation stems from bottlenecks at both the data and 66 

methodological levels. At the data level, existing methods predominantly rely on datasets such as 67 

CrossDocked19,20, which were used for de novo generation tasks. Such datasets are organized as protein-68 

ligand pairs rather than assay-consistent chemical series and do not explicitly encode relative activities 69 

among scaffold-sharing analogs. Methods trained on such data, including Delete16 and DiffDec17, are 70 

compelled to rely on simple hand-crafted rules to define scaffolds and modification regions10,21-23. This 71 

limits their ability to learn real-world hit-to-lead optimization patterns from experimentally validated 72 

scaffold modification examples, including complex transformations such as ring fusion and ring expansion. 73 

At the methodological level, DiffSBDD adapts a de novo generative model to scaffold optimization via the 74 

inpainting strategy18, but this direct transfer was not designed with the specific requirements of lead 75 

optimization in mind and has limitations in the evaluated optimization setting. DiffDec17, while specifically 76 

designed for scaffold decoration, requires explicit specification of modification sites at inference time, 77 

which restricts the flexibility of structural exploration. Recent works such as FLOWR24 and PocketXMol25 78 

have begun to unify different molecular generation tasks and modalities within a single generative model, 79 

including de novo generation and fragment growing, allowing different tasks and molecular modalities to 80 

benefit from shared training26. However, their training objectives primarily focus on conditional molecular 81 

generation or reconstruction, without explicitly learning which scaffold modifications are more likely to 82 

improve activity. Diffleop27 takes a further step toward activity-directed optimization by introducing 83 

gradient-based guidance from a learned affinity predictor during generation, with the guidance signal 84 

derived from predicted binding affinity. More broadly, although molecular generative models have 85 

explored various strategies for guided generation, including direct preference optimization28 (DPO) and 86 

gradient-based guidance29, how to define optimization signals that reflect real-world hit-to-lead activity 87 

improvement remains insufficiently explored. 88 

To bridge this gap, we introduce LeadFlow, a framework that treats hit-to-lead optimization as an 89 

optimization-aligned conditional generation problem. The central idea is that the training signal, generative 90 

prior and preference objective should reflect experimentally observed structure-activity relationships30 91 

while preserving a functional core and exploring activity-relevant modifications within a target pocket31-33. 92 

LeadFlow therefore combines three components. First, we curate a Homologous Series Dataset in which 93 

compounds are grouped by target and assay, and the Maximum Common Substructure (MCS) within each 94 

series defines the conserved scaffold34,35. This construction exposes the model to experimentally observed 95 

modification patterns rather than artificial fragments from isolated protein-ligand pairs. Second, Bayesian 96 
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Flow Networks (BFN)36 provide a unified parameter-space formulation for jointly modeling continuous 3D 97 

coordinates and discrete atom and bond types in scaffold modifications. Third, DPO37,38 uses within-assay 98 

experimental activity differences to bias generation toward higher-potency modifications without relying 99 

on docking scores as the preference signal. 100 

We evaluate LeadFlow through benchmark comparisons, controlled scaffold-definition ablations, and 101 

a comparison of experimental activity-based and docking-score-based DPO. These analyses test whether 102 

supervision from real-world optimization patterns supports active-chemotype coverage and whether 103 

experimental preferences enrich recovery toward higher-activity reference molecules. An Interleukin-1 104 

receptor-associated kinase 4 (IRAK4) retrospective case illustrates generation patterns consistent with 105 

published structure-activity relationships (SAR). A prospective Caseinolytic protease P (ClpP) agonist 106 

optimization campaign then evaluates the combined generation-and-prioritization workflow through 107 

synthesis and activity measurements: all five selected compounds showed lower mean EC₅₀ values than the 108 

starting compound, and the most potent achieved an approximately 156-fold improvement. 109 

2 Results 110 

2.1 Homologous series data encode real-world optimization patterns 111 

The foundation of our approach lies in extracting real-world hit-to-lead optimization patterns from 112 

chemical series to define scaffold-modification supervision, addressing a critical gap in the training data 113 

used by current SBMO methods. Many SBMO methods are trained on CrossDocked16,17,19,20. Since this 114 

dataset is composed of isolated protein-ligand pairs rather than homologous series, its standard training-115 

task construction does not explicitly encode the relationships among analogs that share a conserved core. 116 

This limitation forces existing approaches to resort to rigid, rule-based fragmentation strategies to define 117 

scaffolds and modification regions. For example, Bemis-Murcko decomposition obtains the Bemis-Murcko 118 

scaffold (BMScaffold) by mechanically defining all terminal acyclic substituents as removable side chains, 119 

which limits its ability to represent scaffold-morphing situations such as ring fusion. Similarly, reaction-120 

based slicing (RxnSlice) methods, such as RECAP21, BRICS23, and the strategy proposed by Arús-Pous et 121 

al.22, rely on predefined synthetic rules to decompose molecules. These methods typically employ sets of 122 

handcrafted reaction rules to ensure that each split corresponds to a known, implementable chemical 123 

reaction. While this explicitly accounts for synthetic accessibility, these approaches are predominantly 124 

limited to cleaving acyclic bonds. Consequently, they cannot represent complex scaffold modifications such 125 

as ring fusion or expansion, which involve forming new cyclic systems rather than merely attaching 126 

fragments to the retained core. These fragmentation strategies therefore struggle to capture the successful 127 
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optimization patterns observed within homologous series around an empirically conserved core scaffold.  128 

 129 

Fig. 1 Homologous-series data construction and MCS-based scaffold definition. a. Homologous series dataset 130 
construction from ChEMBL. Protein targets are identified by UniProt ID and compounds are grouped into chemical 131 
series by ChEMBL Assay ID, yielding homologous series for each target. b. Comparison of scaffold-modification 132 
definitions. MCS identifies a conserved scaffold shared across compounds within a series, whereas RxnSlice uses 133 
predefined reaction-based cleavage rules and BMScaffold assigns a Bemis-Murcko scaffold independently to each 134 
compound. 135 

To overcome these limitations, we curated a dataset of homologous series from ChEMBL. As depicted 136 

in Fig. 1a, compounds were first grouped by target using UniProt IDs and then partitioned into chemical 137 

series according to their ChEMBL Assay IDs. Within each series, the compounds can share a common core 138 

structure and span structural modifications associated with measured activity differences against a protein 139 

target. Within these series, the MCS provides a series-derived definition of the conserved scaffold. Fig. 1b 140 

illustrates the extraction of the MCS from a chemical series and compares its scaffold–modification 141 
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definition with those of the other two strategies. Unlike artificial fragmentation rules, the MCS identifies 142 

the substructure shared across the measured analogs, providing an empirical scaffold context without 143 

requiring inference of the chemists' design decisions. This series-derived scaffold supervision exposes the 144 

model to experimentally characterized structural variations, including fused-ring elaborations that are 145 

difficult to represent with acyclic cleavage rules. Details of the MCS processing procedure are described in 146 

Methods Section 4.1.1. 147 

2.2 LeadFlow formulates structure-based molecule optimization as Bayesian 148 

flow generation 149 

To translate these data-driven insights into a design tool, we formulate the optimization task as a 150 

conditional generation problem. Given the 3D structure of the protein pocket and the conserved scaffold, 151 

the model aims to generate structural modifications by sampling atomic coordinates, atom types and bond 152 

types to construct a complete molecule that is chemically and geometrically compatible with the conserved 153 

scaffold and the protein pocket environment. To achieve this, we developed a generative model named 154 

LeadFlow based on BFN as illustrated in Fig. 2. A fundamental challenge in 3D molecular generation lies 155 

in the high sensitivity of molecular structure to noise, complicated by the heterogeneous nature of molecular 156 

data which comprise both continuous coordinates and discrete variables such as atom types and bond 157 

types39,40. Diffusion models perturb molecular variables in data space; jointly representing continuous 158 

coordinates and discrete chemical topology remains a challenge39,41. BFN provides an alternative generative 159 

framework36. By shifting the generative process from the data space to a continuous and unified parameter 160 

space, BFN iteratively refines the distribution parameters of data via a Bayesian update strategy. This 161 

formulation supports joint modeling of continuous and discrete variables and has been applied across 162 

scientific generation tasks42-45.  163 
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 164 

Fig. 2 An overview of the LeadFlow framework. a. The generative process of the LeadFlow for structure-based 165 
molecule optimization. It iteratively refines a set of parameters 𝜽, using the SE(3)-equivariant graph transformer 𝜙 to 166 
predict the clean modification 𝐱$!"#  given current parameters 𝜽!"#  with protein 𝐩 and scaffold conditions 𝐱$ . The 167 
model is trained by minimizing the KL divergence between the sender distribution 𝑝$ over the noised observation 𝐲 168 
of ground truth modification 𝐱, and the receiver distribution 𝑝% over the noised estimation 𝐲 of predicted modification 169 
𝐱$. Through Bayesian update of the sampled 𝐲, the parameters are iteratively refined from 𝜽!"# to 𝜽!, progressively 170 
enriching the information encoded in 𝜽 and enabling the model to predict increasingly accurate modifications 𝐱$. 171 
LeadFlow uses the noise-reduced sampling strategy in which 𝐱$!"#  is used in place of 𝐲!  to directly perform the 172 
Bayesian update. b. DPO fine-tuning. Within each series, high-activity and low-activity modifications are paired for 173 
comparison, guiding the fine-tuning process to increase the likelihood of generating high-activity modifications.  174 

The generative process of LeadFlow is modeled as an iterative information transmission process 175 

between a Sender Distribution and a Receiver Distribution. The parameter 𝜽 encodes the distribution 176 

parameters over the molecular modification variables, encompassing atomic coordinates, atom types, and 177 

bond types. During training, the Sender Distribution 𝑝!(𝐲" 	|	𝐱; 𝛼") transforms the ground-truth molecular 178 

modification 𝐱  into the parameter space with the noise scheduler 𝛼"  and sends the noisy structural 179 

modification 𝐲"  to the Receiver Distribution for Bayesian updates. Correspondingly, the Receiver 180 

Distribution 𝑝#(𝐲" 	|	𝜽, 𝜙, 𝛼") employs a neural network	𝜙 to approximate the Sender Distribution at each 181 
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timestep 𝑖. In LeadFlow, we utilize an SE(3)-equivariant graph transformer as 𝜙 to model the structural 182 

modification with ensured rotational and translational equivariance. As depicted in Fig. 2a, the network 183 

takes the current parameters 𝜽"$%  and the context condition comprising the protein 𝐩  and conserved 184 

scaffold 𝐱!  as input to predict the clean structural modification 𝐱/"$% , which is subsequently processed 185 

through the noise scheduler 𝛼"  to yield the Receiver Distribution. The final training objective is to 186 

minimize the Kullback-Leibler (KL) divergence between 𝑝&  and 𝑝#  across all timesteps. During the 187 

inference stage, the parameter update is driven by the model’s own predictions. In the standard BFN 188 

formulation, an estimated noised observation 𝐲" derived from 𝐱/"$% is sampled from Receiver Distribution 189 

𝑝# to update the current parameters 𝜽"$% into posterior 𝜽" via the Bayesian updates. This iterative process 190 

gradually incorporates more information into 𝜽 and increases certainty, thereby enabling the network 𝜙 to 191 

predict the structural modification 𝐱/ with increasing precision. LeadFlow uses the noise-reduced sampling 192 

implementation described in Methods Section 4.2.1. 193 

While generative models learn to generate structural modifications that are compatible with both the 194 

conserved scaffold and the protein pocket, they lack the capability to account for the impact of specific 195 

modifications on biological potency. To inject explicit knowledge regarding which structural modifications 196 

correspond to higher bioactivity, we employ DPO in the post-training stage to fine-tune the pre-trained 197 

LeadFlow. Existing structure-based generation methods often resort to docking scores (e.g., Vina) as 198 

proxies to guide optimization28,29,46. However, these scoring functions are approximations that often fail to 199 

correlate with true experimental activity35,47,48. We use experimental bioactivity measurements within 200 

homologous series to construct preference labels. Since our data curation strictly groups compounds by 201 

ChEMBL Assay ID, within-series comparisons reduce differences associated with assay conditions. As 202 

depicted in Fig. 2b, we fine-tune LeadFlow using DPO with these relative activity preferences as training 203 

signal. This aligns the model’s generative probability specifically with high-activity modifications. 204 

Implementation details of the DPO fine-tuning procedure are provided in the Methods Section 4.2.2. 205 

2.3 Molecular quality, pose validity and interaction recovery 206 

We compared against seven baseline methods (detailed in Methods Section 4.4) on MolGenBench7 207 

hit-to-lead benchmark: two SBMO approaches based on different artificial fragmentation rules and 208 

generative paradigms (Delete16 and DiffDec17), two DiffSBDD18 inpainting models trained on different 209 

datasets (DiffSBDD-M and DiffSBDD-C), three ligand-based approaches guided by features from 210 

reference active molecules (ShEPhERD13, PGMG14, and ShapeMol49). Note that PGMG generates 211 

molecules as SMILES strings rather than 3D structures, and ShapeMol, while generating 3D molecules, 212 

does not place them directly within the binding pocket. These two methods are therefore excluded from 213 
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conformation-dependent evaluations where applicable. 214 

Avoiding unstable or reactive substructures is a useful initial criterion for prioritizing generated 215 

molecules. Following MolGenBench7, we employ ChemFilter to evaluate structural-alert filter compliance 216 

of generated molecules by filtering out those containing unstable or reactive substructures. As shown in 217 

Fig. 3a, LeadFlow achieves the highest ChemFilter pass rate among all evaluated methods, closely 218 

approaching the active reference level. In terms of BMScaffold diversity, LeadFlow outperforms most 219 

baselines and exceeds the reference level, only slightly behind PGMG. This is expected, as LeadFlow grows 220 

molecules upon existing scaffolds, which inherently constrains structural diversity, whereas PGMG 221 

generates molecules from scratch guided solely by ligand features without such constraints. This suggests 222 

that LeadFlow generates molecules passing structural-alert filters at a rate comparable to the reference 223 

actives but also explores diverse chemical space around the conditioned scaffold, which is useful for SAR 224 

exploration. Additional evaluations of basic molecular properties, such as validity, QED, synthesizability, 225 

and molecular motif distributions, are provided in Supplementary Fig. 1, where LeadFlow shows 226 

comparable performance to existing methods. 227 

Physically plausible poses are a prerequisite for assessing generated designs in a protein pocket. For 228 

SBMO, it is necessary to examine whether the model generates physically realistic binding poses. This 229 

provides a direct test of whether the model has learned the geometric and energetic criteria of protein-ligand 230 

recognition. Recent studies have emphasized that pose evaluation cannot be omitted in structure-based 231 

generation, because generated complexes may contain substantial physical violations and pose artifacts50. 232 

We therefore evaluated the physical realism of LeadFlow generated poses. We first assessed overall pose 233 

quality using PoseBusters51. As shown in Fig. 3b, LeadFlow achieved the highest proportion of generated 234 

molecules passing all PoseBusters checks among all compared methods, with a PB-Valid rate of 77.57%. 235 

More detailed results for representative PoseBusters criteria are illustrated in Fig. 3c. LeadFlow achieved 236 

the best pass rates across intra- and intermolecular measurements such as the planarity of aromatic rings, 237 

standard bond lengths, and protein-ligand clashes. Beyond the Internal Energy check included in 238 

PoseBusters, we further quantified the conformational strain of the generated poses using PoseCheck50. 239 

Specifically, we calculated the strain energies of both the directly generated poses from models and the 240 

corresponding poses after redocking into the protein pocket with Vina52. As shown in Fig. 3d, LeadFlow 241 

exhibited lower strain energy than the competing methods across different quantile levels in both settings. 242 

Notably, the strain energies of LeadFlow-generated poses were also closer to those of the corresponding 243 

Vina-redocked poses, indicating that the conformations produced by LeadFlow were already closer to 244 

energetically relaxed binding poses before docking refinement. 245 
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 246 

Fig. 3 | Evaluation of molecular quality, pose validity, and interaction recovery on the MolGenBench hit-to-247 
lead benchmark. a. Structural-alert filter pass rates and Bemis-Murcko scaffold diversity of filter-passing molecules. 248 
Data are presented as mean ± s.d. (n = 3 sampling runs with different seeds from fixed trained checkpoints). b. Overall 249 
PoseBusters-Valid rate of generated poses across different models. c. Pass rates for representative PoseBusters criteria. 250 
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d. Strain-energy distributions, summarized at different quantile levels, for directly generated poses (Gen) and Vina-251 
docked poses (Vina). e. Proportion of Vina-redocked generated molecules whose interaction scores exceed the 25th, 252 
50th, and 75th percentiles of the reference active distribution. Data are presented as mean ± s.d. (n = 3 sampling runs 253 
with different seeds from fixed trained checkpoints). 254 

Geometric validity assesses the physical plausibility of a generated pose. However, this alone does not 255 

establish whether the model has captured biologically meaningful binding patterns. To address this, we 256 

further analyzed the interaction patterns of the generated molecules relative to those of the reference active 257 

molecules. Specifically, following the MolGenBench protocol, we redocked the generated molecules into 258 

the protein pocket with Vina and used ProLIF53 to identify protein-ligand interaction types, and computed 259 

an interaction score for each molecule based on the interaction patterns of the reference active molecules. 260 

We then quantified the fraction of generated molecules whose scores exceeded the 25th, 50th, and 75th 261 

percentiles of the reference active distribution, denoted Q25, Q50, and Q75 in Fig. 3e. As shown in Fig. 3e, 262 

LeadFlow consistently achieved the highest proportions across all three thresholds. The corresponding 263 

results based on the directly generated poses are provided in Supplementary Fig. 2, where LeadFlow 264 

likewise remained the top-performing method. These results indicate that LeadFlow more frequently 265 

reproduces the conserved interaction patterns observed in the reference active molecules, supporting 266 

reference-like interaction recovery, without establishing the binding mode or activity of novel generated 267 

molecules. 268 

The joint generation of topology and geometry in the Bayesian Flow Network formulation may 269 

contribute to this performance. Bayesian Flow Networks generate samples by iteratively updating 270 

distribution parameters, rather than directly perturbing molecular structures in data space. This parameter-271 

space formulation is naturally compatible with joint modeling of discrete chemical topology and continuous 272 

3D coordinates, and related BFN-based models have shown strong performance in both 3D molecular 273 

generation and broader scientific generation tasks. In the present setting, such a generation process may 274 

help reduce the accumulation of local structural errors during sampling, which is consistent with the 275 

observed geometric validity, conformational strain and reference-interaction recovery.  276 

2.4 MCS-based supervision supports broad active-chemotype recovery 277 

The primary objective of LeadFlow is to design optimized ligands from a given protein environment 278 

and core scaffold under realistic hit-to-lead settings. Building on the data construction strategy described 279 

before, we next examined whether supervision derived from homologous series and MCS-based 280 

decomposition translates into improved recovery of experimentally validated active chemotypes. To assess 281 

this, we evaluated LeadFlow on the hit-to-lead test set of MolGenBench, in which each test case provides 282 
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a target protein together with a starting scaffold derived from an active series. Models were asked to 283 

generate candidate ligands conditioned on the same protein-scaffold context and were evaluated by their 284 

ability to recover known active molecules or their corresponding BMScaffold. In addition to comparing 285 

LeadFlow with the existing baselines included in MolGenBench, we further conducted an ablation study 286 

by replacing the scaffold definition used in LeadFlow to isolate the contribution of our MCS-based scaffold-287 

modification decomposition strategy. Specifically, we constructed two variants: LeadFlow-BMS, which 288 

uses BMScaffold to define the conserved core, and LeadFlow-RxnSlice, which adopts reaction-based 289 

slicing following the same strategy as DiffDec. All three LeadFlow variants shared the same training data 290 

split, model architecture and training protocol, differing only in how the core scaffold and modification 291 

regions were defined, with full-ligand masking applied when no valid core was identified to keep all raw 292 

data used across variants.  293 
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Fig. 4 | Evaluation of active molecule and BMScaffold recovery on the MolGenBench hit-to-lead benchmark. 295 
a, b. Number of benchmark series out of 600 in which each model recovered the exact active SMILES (a) and the 296 
active Bemis-Murcko scaffold (b). Data are presented as mean values ± s.d. (n = 3 sampling runs with different seeds 297 
from fixed trained checkpoints). c, d. Recovery performance measured by Hit Rate (c) and Hit Fraction (d) for 298 
BMScaffold and SMILES recovery (n = 600 series). Points show means across series after averaging three sampling 299 
runs; error bars indicate series-level 95% CIs calculated using Student’s t-distribution. e. Distribution of the ECFP4 300 
Tanimoto similarity between active molecules recovered by LeadFlow and their most similar molecules in the training 301 
set. f-k. Extended sampling analysis of active-space exploration on representative MolGenBench hit-to-lead series. 302 
(f-h), Cumulative numbers of recovered unique active BMScaffold as a function of the number of generated molecules 303 
for three representative series. (i-k), Corresponding cumulative numbers of recovered unique active SMILES. 304 

We first quantified recovery performance at two levels: BMScaffold-level Hit Recovery and SMILES-305 

level Hit Recovery (Fig. 4a, b). A test case was considered successful if the model recovered at least one 306 

known active SMILES or at least one corresponding BMScaffold. Because each of the 600 benchmark 307 

series represents a different protein-scaffold context, these metrics primarily assess the breadth of contexts 308 

in which a model can recover an experimentally validated active chemotype. Across the 600 series in 309 

benchmark, LeadFlow achieved the highest recovery under both criteria among the baseline methods and 310 

ablated variants. Specifically, LeadFlow recovered BMScaffold in approximately 400 series and SMILES 311 

in approximately 120 series, both markedly higher than those of the competing methods. Notably, its 312 

SMILES recovery was approximately 2-fold higher than the best-performing baseline Delete, supporting 313 

broader reference-active recovery across the evaluated protein-scaffold contexts. 314 

The controlled ablation further linked this recovery advantage to the training supervision. Replacing 315 

the MCS-based decomposition with either BMScaffold-based decomposition or reaction-based slicing 316 

reduced recovery at both levels, with a particularly pronounced decrease in SMILES-level recovery. 317 

Because the three LeadFlow variants differed only in how the conserved core and modification regions 318 

were defined, these results indicate that MCS-based decomposition preserves more informative 319 

optimization relationships from real homologous series. This supervision enables LeadFlow to learn 320 

transferable scaffold-conditioned modification patterns, consistent with the broader reference-active 321 

recovery observed across the evaluated hit-to-lead contexts. 322 

Although series-level recovery establishes whether a model can identify at least one correct hit within 323 

a series, it does not capture how many active molecules are recovered per test case. We therefore further 324 

evaluated Hit Rate and Hit Fraction (see Evaluation Metrics Section 4.3), which provide a more fine-325 

grained view of recovery performance than binary success alone. Hit Rate measures the proportion of 326 

sampled molecules that correspond to unique actives and thus emphasizes discovery efficiency. Hit Fraction 327 
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measures the proportion of the known active space recovered for a given target and therefore emphasizes 328 

how broadly a model explores the reference active chemical space. As shown in Fig. 4c, d, LeadFlow 329 

remained among the strongest methods under both metrics. At the BMScaffold level, LeadFlow achieved 330 

a Hit Rate of 8.30%, comparable to DiffDec at 8.56% and higher than Delete at 7.23% and the remaining 331 

baselines. At the exact-SMILES level, LeadFlow achieved the highest Hit Rate of 0.25%, exceeding 332 

DiffDec at 0.11% and Delete at 0.09%. Under the Hit Fraction metric, LeadFlow also achieved the best 333 

performance at both the BMScaffold and exact-SMILES levels, reaching 16.09% and 1.44%, respectively. 334 

The ablation results further showed that scaffold decomposition had a substantial effect on recovery 335 

performance. LeadFlow-BMS achieved the highest BMScaffold Hit Rate of 19.95%, but its BMScaffold 336 

Hit Fraction was only 5.98%, substantially lower than that of the MCS-based LeadFlow. It also showed 337 

limited exact-SMILES recovery, with a Hit Rate of 0.10% and a Hit Fraction of 0.60%. By contrast, 338 

LeadFlow-RxnSlice achieved higher Hit Fractions than most existing baselines. However, it remained 339 

below the MCS-based LeadFlow in both Hit Rate and Hit Fraction at the BMScaffold and exact-SMILES 340 

levels. 341 

Notably, a similar contrast between BMScaffold Hit Rate and Hit Fraction was observed for both 342 

LeadFlow-BMS and DiffDec. Although LeadFlow-BMS achieved the highest BMScaffold Hit Rate and 343 

DiffDec showed a slightly higher value than LeadFlow, both methods exhibited substantially lower 344 

BMScaffold Hit Fractions. This difference is consistent with the information captured by the two metrics: 345 

BMScaffold Hit Rate counts recovered molecules bearing active BMScaffold, whereas BMScaffold Hit 346 

Fraction measures coverage of unique active BMScaffold. LeadFlow-BMS and DiffDec therefore tend to 347 

generate multiple distinct molecules around a comparatively limited set of active BMScaffolds, resulting 348 

in efficient local exploitation but narrower chemotype coverage. By contrast, LeadFlow maintained a 349 

comparable BMScaffold Hit Rate while recovering a substantially broader range of distinct active 350 

BMScaffolds, together with stronger exact-SMILES recovery. Collectively, these ablation and baseline 351 

comparisons indicate that MCS-based decomposition provides more informative supervision from real 352 

homologous series, enabling LeadFlow to achieve both broader active-chemotype coverage and stronger 353 

active-molecule recovery. 354 

Fig. 4a-d reports recovery across all 600 benchmark series. Supplementary Fig. 3 stratifies the same 355 

analysis by the seen/unseen protein subsets defined in MolGenBench relative to CrossDocked training 356 

exposure. These labels contextualize the baseline setting; all MolGenBench test targets were excluded from 357 

LeadFlow training by UniProt ID, together with identical test molecules and molecules sharing their 358 

BMScaffolds. LeadFlow maintained strong recovery across both subsets. To further assess whether the 359 
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recovered actives could be attributed to memorization of closely related training molecules, we calculated 360 

the maximum ECFP4 Tanimoto similarity between each active molecule recovered by LeadFlow and all 361 

molecules in its training set. The resulting distribution was concentrated in the low-similarity range, with 362 

91.1% of the recovered active molecules exhibiting a maximum Tanimoto similarity below 0.5 (Fig. 4e). 363 

These results further support the robustness of LeadFlow across diverse protein-scaffold contexts and 364 

indicate that it captures transferable scaffold-conditioned optimization patterns. 365 

Beyond the standard evaluation with 200 generated molecules per test case, MolGenBench also 366 

includes extended sampling tests that examine how recovery grows as the sampling budget increases. This 367 

setting provides a more stringent assessment of whether a model can continue to explore the active space 368 

of a given target series, rather than merely identifying a small number of hits under a fixed generation 369 

budget. On three series from this setting, we tracked the cumulative numbers of recovered unique active 370 

BMScaffold and unique active SMILES as the number of generated molecules increased (Fig. 4f-k). Across 371 

most series, LeadFlow showed substantially steeper recovery curves and reached markedly higher final 372 

counts than competing baselines. For BMScaffold recovery (Fig. 4f-h), LeadFlow consistently recovered 373 

more unique active scaffolds as sampling increased. A similar trend was observed for SMILES recovery in 374 

two of the three series (Fig. 4i, j), where LeadFlow recovered substantially more unique active SMILES 375 

than all baselines across nearly the entire sampling range. Although DiffSBDD-C outperformed LeadFlow 376 

in the third SMILES case (Fig. 4k), the overall trend across the three series remained in favor of LeadFlow 377 

for active scaffold and molecule recovery. 378 

2.5 Series-derived supervision supports complex scaffold modifications 379 

Having established the overall recovery advantage of LeadFlow and the contribution of MCS-based 380 

decomposition, we next examined how this advantage manifests across structurally diverse and increasingly 381 

challenging modification scenarios. More challenging scaffold modification cases provide a stricter test of 382 

whether the model has learned meaningful hit-to-lead optimization patterns, rather than merely recovering 383 

relatively simple substitutions. We therefore investigated LeadFlow’s performance under increasingly 384 

demanding editing scenarios. We first compared the successful recovered active molecules across different 385 

models by stratifying them according to the number of newly generated atoms and the number of modified 386 

R-groups, two quantities that reflect the structural complexity of the required modification (Fig. 5a-b). 387 

Across a broad range of editing complexity, LeadFlow consistently recovered more actives than competing 388 

baselines. Its advantage remained evident for cases involving larger numbers of newly introduced atoms, 389 

indicating that LeadFlow can accommodate more substantial structural growth beyond small peripheral 390 

changes. A similar pattern was observed when recovery was grouped by the number of modified R-groups, 391 
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where LeadFlow retained the strongest performance in both single-site and multi-site modification settings, 392 

suggesting that its recovery advantage is not limited to simple edits but extends to more challenging 393 

combinatorial optimization patterns. Representative R-group modifications recovered by LeadFlow are 394 

shown in Supplementary Fig. 4. These results suggest that the recovery advantage of LeadFlow extends 395 

to more demanding scaffold modification scenarios rather than being limited to relatively simple edits. 396 
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 397 

Fig. 5 | Active recovery across modification complexity and fused-ring elaboration. a, b. Distribution of recovered 398 
active molecules stratified by structural modification complexity, measured by the number of newly generated atoms 399 
(a) and the number of modified R-groups (b). Curves show the mean values across three rounds, and shaded regions 400 
indicate the standard deviations across rounds. Insets highlight the low-count region for more difficult cases. c. 401 
Comparison of different models’ performance in recovering active molecules/BMscaffold via ring-fusion elaboration. 402 
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Fused-ring counts are deduplicated per series using recovered SMILES (SMILES recovery) or generated SMILES 403 
(BMScaffold recovery). Data are reported as mean ± s.d. (n = 3 sampling runs with different seeds from fixed trained 404 
checkpoints). d. Representative example of an experimentally active molecule recovered by LeadFlow through fused-405 
ring elaboration. The blue region denotes the protein environment, and the gray region denotes the starting scaffold, 406 
both provided as model inputs, whereas the green region represents the structural modification generated by LeadFlow.  407 

As mentioned in Section 2.1, the MCS-based data construction strategy of LeadFlow naturally allows 408 

the model to learn scaffold optimization patterns involving fused-ring formation and other nontrivial 409 

topological modifications. Fig. 5d shows representative cases in which LeadFlow successfully recovers 410 

active molecules via fused-ring elaboration. In these examples, the blue region denotes the protein 411 

environment and the gray region denotes the starting scaffold, which are provided as model inputs, whereas 412 

the green region represents the structural modification generated by LeadFlow. Additional fused-ring 413 

recovery examples are provided in Supplementary Fig. 5. 414 

The recovery results for fused-ring across the full test set are summarized in Fig. 5c. Here, the reported 415 

values correspond to the numbers of recovered exact SMILES and recovered BMScaffolds. On this subset, 416 

LeadFlow achieved 10.00 ± 2.16 recovered exact SMILES and 324.33 ± 4.78 recovered BMScaffolds, 417 

substantially exceeding Delete (4.33 ± 0.47 and 148.00 ± 13.59), DiffDec (0.33 ± 0.47 and 8.33 ± 2.49), 418 

DiffSBDD-C (0.33 ± 0.47 and 38.33 ± 12.76), and DiffSBDD-M (0.33 ± 0.47 and 43.33 ± 1.70). These 419 

results support recovery in the evaluated fused-ring elaboration setting.  420 

Comparison with the two ablated variants of LeadFlow further clarifies the origin of these advantages. 421 

Across the atom-count and R-group-count stratifications (Fig. 5a-b), LeadFlow-BMS recovered actives 422 

almost exclusively within the low-complexity regime, with its recovery counts dropping sharply as the 423 

number of newly generated atoms or modified R-groups increased. This pattern is consistent with the nature 424 

of BMScaffold-based decomposition, which predominantly excises small peripheral substituents at 425 

terminal positions of the molecule and therefore provides limited training signal for more substantial 426 

structural changes. LeadFlow-RxnSlice exhibited a similarly restricted recovery profile across both 427 

stratifications, indicating that reaction-based slicing alone, when used in place of series-derived MCS 428 

supervision, is likewise insufficient to capture more complex editing patterns. This limitation became even 429 

more pronounced on the fused-ring subset (Fig. 5c), where both ablated variants recovered almost no exact 430 

SMILES (0.00 ± 0.00 for both) and only a small number of BMScaffolds (4.67 ± 2.62 for LeadFlow-BMS 431 

and 0.33 ± 0.47 for LeadFlow-RxnSlice), performing markedly worse than the full LeadFlow model across 432 

all three tasks. Together, these results indicate that neither BMScaffold-based fragmentation nor reaction-433 

based slicing alone provides adequate training signal for learning fused-ring formation or other complex 434 

topological modifications, since both strategies predominantly generate training pairs involving simple 435 
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peripheral substitutions rather than nontrivial changes to the scaffold core. In contrast, the full LeadFlow 436 

model maintained substantially higher recovery counts across nearly the entire range of editing complexity, 437 

from atom- and R-group-level stratifications to fused-ring elaboration, corroborating that its MCS-based 438 

data construction strategy is a key contributor to its ability to handle complex, large-scale scaffold 439 

modifications. 440 

We attribute this strong rediscovery ability primarily to the MCS-based data construction strategy. By 441 

defining the optimization context through the MCS shared within homologous active series, LeadFlow is 442 

trained on transformations that better reflect real hit-to-lead campaigns. Compared with heuristic 443 

fragmentation, the MCS-based setup provides a more faithful and chemically meaningful supervision signal, 444 

enabling the model to learn how active series evolve under target-specific constraints.  445 

2.6 Experimental activity preferences align generation toward potent analogs   446 

The preceding results show that LeadFlow can generate scaffold-preserving modifications compatible 447 

with the target pocket and achieve strong active-molecule recovery. However, in practical hit-to-lead 448 

optimization, the central objective is to optimize molecules toward higher potency rather than generate 449 

active molecules in general. The pre-trained LeadFlow has learned pocket-compatible, activity-conferring 450 

modifications from the data, but it does not explicitly learn which modifications are more likely to confer 451 

higher activity in a given context. We therefore constructed paired preference data from experimental 452 

bioactivity measurements and applied DPO for post-training of LeadFlow, with the goal of shifting the 453 

generative distribution toward modifications with greater potential to enhance binding potency. 454 

The DPO training data were constructed from the training set following the preference alignment 455 

procedure described in Methods Section 4.1.2. Briefly, within each eligible chemical series, molecules 456 

sharing the same core scaffold were paired according to their experimental activities. A representative 457 

preference pair is shown in Fig. 6a, where the higher-activity modification is treated as the preferred sample 458 

and the lower-activity modification as the dispreferred sample. To assess whether the improvement arises 459 

from experimentally grounded preference labels rather than from DPO fine-tuning alone, we further 460 

constructed a docking score-based DPO ablation, denoted as LeadFlow-DPO-DS. This model used the same 461 

molecular pairs as LeadFlow-DPO, but the preferred and dispreferred samples within each pair were 462 

reassigned according to Glide docking scores, with the molecule receiving the more favorable docking 463 

score treated as the preferred sample. Correlation analysis in Supplementary Fig. 6 showed that docking 464 

scores had weak within-series correlations with experimentally measured activities. After reassignment, the 465 

docking score-derived preference labels agreed with the experimental-activity-derived labels for only 466 
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approximately 65.5% of the pairs (Supplementary Fig. 7), indicating limited consistency between docking 467 

scores and measured activities and suggesting that docking score-based preferences introduce substantial 468 

label noise. 469 

DPO fine-tuning was then performed by optimizing a trainable LeadFlow against a frozen reference 470 

model, both initialized from the same pre-trained LeadFlow. During fine-tuning, the preference pairs 471 

encourage the trainable model to assign higher relative likelihood to preferred modifications than to 472 

dispreferred ones, while the frozen reference model serves as a stable anchor that constrains the trainable 473 

model from drifting too far from the original generative distribution. In addition, the contribution of each 474 

preference pair was modulated by the activity difference between the preferred and dispreferred 475 

modifications, such that pairs with larger potency gaps provided a stronger optimization signal. The detailed 476 

formulation of DPO fine-tuning is described in Methods Section 4.2.2. 477 
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Fig. 6 | Experimental activity-based DPO enriches recovery toward higher-activity molecules. a. Schematic 479 
illustration of DPO fine-tuning. Higher-activity and lower-activity modifications measured within the same assay are 480 
used to construct preference pairs. A trainable LeadFlow model is optimized against a frozen reference model, and 481 
the preference signal is weighted by the experimental activity difference, (𝑟&−𝑟'). b. NADR scores across different 482 
models on the MolGenBench hit-to-lead benchmark. Data are presented as mean ± s.d. (n = 3 sampling runs with 483 
different seeds from fixed trained checkpoints). c. Comparison of total and high activity SMILES hit counts across 484 
different models. Data are presented as mean ± s.d. (n = 3 sampling runs with different seeds from fixed trained 485 
checkpoints). d. Comparison of active molecule recovery between LeadFlow and LeadFlow-DPO given an input 486 
scaffold-IRAK4 complex. e. Interaction pattern of the active molecule recovered by LeadFlow-DPO binding to 487 
IRAK4. The blue region denotes the protein, and the gray region denotes the starting scaffold, both provided as model 488 
inputs, whereas the green region represents the structural modification generated by LeadFlow-DPO. Yellow dashed 489 
lines indicate hydrogen bond interactions. f. Scaffold-specific literature SAR rules for IRAK4 inhibitors. g. Proportion 490 
of molecules generated by LeadFlow and LeadFlow-DPO bearing HBA at the meta-position and the para-position. h. 491 
Proportion of molecules generated by LeadFlow and LeadFlow-DPO bearing meta-substituted carbonyl groups or 492 
tertiary amine substituents. 493 

To compare different models in their ability to generate higher-activity molecules, we used NADR, a 494 

metric designed to quantify whether the recovered hits are enriched for more potent compounds within each 495 

reference chemical series. By assigning greater weight to molecules with higher activity, NADR rewards 496 

overall recovery while giving larger contributions to the most active recovered molecules. The detailed 497 

definition and calculation of NADR are provided in Methods Section 4.3. As shown in Fig. 6b, the pre-498 

trained LeadFlow already achieved a strong NADR score of 0.370, outperforming most baseline methods, 499 

including Delete (0.268), DiffSBDD-M (0.201), DiffSBDD-C (0.175), ShEPhERD (0.168), and PGMG 500 

(0.153), and slightly exceeding DiffDec (0.368). LeadFlow-DPO-DS achieved a comparable NADR score 501 

of 0.379, remaining close to that of the pre-trained LeadFlow. LeadFlow-DPO increased the NADR to 502 

0.404, achieving the highest score among the evaluated models and giving higher scores than LeadFlow 503 

and LeadFlow-DPO-DS, suggesting that assay-controlled activity pairs provide a more effective DPO 504 

signal for shifting the generative distribution toward higher-activity molecules. 505 

More direct evidence is provided in Fig. 6c, where we counted both the total number of recovered 506 

molecules and the number of high-activity recovered molecules. Here, high-activity molecules were defined 507 

as those with min-max normalized activity greater than 0.9 within each chemical series. Compared with the 508 

pre-trained LeadFlow baseline, LeadFlow-DPO reduced the total number of recovered SMILES hits while 509 

increasing the number of high-activity recoveries. The proportion of high-activity molecules among all 510 

recovered hits increased from 7.15% to 8.96%, indicating enhanced enrichment for high-activity candidates. 511 

By contrast, LeadFlow-DPO-DS did not produce a clear increase in the number of high-activity recovered 512 
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molecules relative to LeadFlow. This result suggests that the fidelity of preference signal is critical. 513 

Experimentally measured activities provide a directly comparable signal, whereas docking-score-derived 514 

preferences are only partially aligned with true potency and can dilute the benefit of DPO fine-tuning. The 515 

same trend is observed across a range of evaluated normalized-activity thresholds (Supplementary Fig. 8). 516 

This pattern is consistent with a shift toward higher-activity reference molecules under the evaluated 517 

sampling budget. Importantly, DPO fine-tuning largely preserved the overall quality of generated molecules, 518 

with only slight decreases in uniqueness and diversity (Supplementary Table 1). 519 

To illustrate the observed activity-enrichment trend, we performed a retrospective analysis on an 520 

IRAK4 inhibitor scaffold to provide a concrete illustration of how DPO fine-tuning shapes the generative 521 

behavior of LeadFlow. IRAK4 plays a critical role in transduction of IL-1R/TLR signaling underlying 522 

innate immunity, and aberrant activation of this pathway is implicated in inflammatory and autoimmune 523 

diseases as well as in hematological malignancies54,55. Targeting IRAK-4 to develop inhibitors and 524 

degraders is an important direction for the treatment of related diseases, and several IRAK4-targeting agents 525 

are currently being evaluated in preclinical and clinical studies56. 526 

Chen et al. identified an IRAK4 inhibitor through high throughput screening and conducted SAR 527 

exploration around its scaffold57. We therefore applied both models to this scaffold-IRAK4 complex and 528 

compared their recovery of active molecules, with 200 molecules generated per round across three 529 

independent rounds for each model (Fig. 6d). While LeadFlow failed to recover any active molecules, 530 

LeadFlow-DPO successfully recovered a molecule with an IC50 of 0.003 μM against IRAK4. Notably, 531 

IRAK4 was absent from both the training datasets, and the recovered molecule exhibited low structural 532 

similarity to the training set, with a maximum ECFP4 Tanimoto similarity of 0.347. In the predicted pose 533 

of the recovered molecule, the carbonyl group is positioned to accept a hydrogen bond from TYR264 within 534 

the ATP-binding pocket of IRAK4 (Fig. 6e). Redocking using Glide yielded an RMSD of 0.400 Å between 535 

the generated and redocked conformations (Supplementary Fig. 9), confirming that the generated binding 536 

mode is stable and reliable.  537 

This prompted us to revisit their SAR findings conducted by Chen et al. (Fig. 6f), from which two key 538 

rules can be summarized: meta-substituted hydrogen bond acceptors (HBA) on the phenyl ring enhance 539 

binding potency against IRAK4 compared to para-substituted ones, as the meta-position places the 540 

substituent in a more favorable spatial orientation for hydrogen bond formation with TYR264. Additionally, 541 

meta-substituted carbonyl groups confer greater potency than tertiary amine substituents. This can be 542 

attributed to two factors: the meta-substituted carbonyl group is geometrically closer to TYR264, and the 543 

lone pair of amine nitrogen is delocalized through conjugation with the aromatic ring, weakening its 544 
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hydrogen bond accepting ability, whereas the carbonyl group is less susceptible to such electronic 545 

attenuation. The corresponding activity data is provided in Supplementary Table 2. 546 

We therefore examined the differences in generation behavior between the two models for molecules 547 

built around this scaffold with respect to these SAR patterns. HBA groups on the phenyl ring were identified 548 

by SMARTS-based substructure matching, with the full list of patterns and raw counts of SAR-compliant 549 

molecules provided in Supplementary Tables 3, 4. As shown in Fig. 6g, LeadFlow-DPO showed a higher 550 

proportion of molecules bearing HBA at the meta-position and LeadFlow showed a higher proportion at 551 

the para-position. At the meta-position, LeadFlow-DPO showed a higher tendency to generate carbonyl 552 

substituents, whereas LeadFlow generated a relatively higher proportion of tertiary amine substituents (Fig. 553 

6h). These results suggest that pre-training enables the model to learn general activity-relevant modification 554 

patterns. DPO fine-tuning further refined the model’s understanding of structure-activity relationships. 555 

The retrospective results indicate complementary roles for the two training stages: scaffold-556 

conditioned pretraining supports reference-active coverage, whereas experimental preference alignment 557 

concentrates recovery toward higher-activity compounds. We next evaluated the practical utility of the 558 

LeadFlow-DPO-guided workflow in a prospective design-synthesis-test campaign. 559 

2.7 A LeadFlow-DPO-guided workflow yields a ClpP agonist with 156-fold 560 

improved potency 561 

The preceding benchmark and retrospective analyses demonstrated that LeadFlow can generate 562 

chemically and geometrically plausible molecules, recover experimentally validated active chemotypes, 563 

and learn activity-relevant scaffold modification patterns. To determine whether these capabilities could 564 

translate into experimentally validated potency improvements, we conducted a design-synthesis-test study 565 

targeting ClpP. ClpP is a mitochondrial serine protease that maintains mitochondrial proteostasis and 566 

respiratory function by degrading damaged or misfolded proteins58-61. It is frequently upregulated in 567 

hematologic malignancies and solid tumors, where cancer cells can become dependent on its proteolytic 568 

activity62-66, making ClpP an attractive anticancer target. We selected A1, a ClpP agonist chemotype 569 

previously derived from ONC201 through ring-opening simplification67. A1 showed modest agonistic 570 

activity (EC₅₀ = 6,052.0 ± 1,743.1 nM) in a fluorogenic cleavage assay using purified recombinant human 571 

ClpP (residues 57–277) and Ac-WLA-AMC as the substrate. ClpP activation was quantified from the 572 

increase in fluorescence resulting from substrate cleavage, providing an experimentally validated starting 573 

point with substantial optimization potential (Fig. 7a). 574 
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The A1-derived core scaffold and the activator-binding pocket extracted from the ONC201-bound 575 

ClpP structure (PDB 6DL7) were used as conditioning inputs for LeadFlow-DPO. Neither ClpP nor the A1 576 

scaffold was present in the training datasets, and the maximum ECFP4-Tanimoto similarity between A1 577 

scaffold and any training molecule was 0.39. A single generation run produced 10,000 molecular structures, 578 

corresponding to 3,147 unique candidates after largest-fragment retention and deduplication. Seven 579 

substitution sites were identified on the input scaffold, with approximately 71% of substitution events 580 

occurring on the two terminal aryl arms (Fig. 7b, c). This distribution was consistent with the predicted U-581 

shaped binding mode of A1, in which arms A and B occupy two distinct subpockets. Pocket-surface 582 

analysis further revealed unoccupied volumes adjacent to both arms, suggesting these regions as plausible 583 

modification vectors for subsequent prioritization (Fig. 7d). 584 
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 585 

Fig. 7 | A LeadFlow-DPO-guided generation-and-prioritization workflow yields a ClpP agonist with 156-fold 586 
improved potency. a. Heptameric ClpP assembly and predicted binding mode of A1 in the activator-binding pocket. 587 
b. Seven substitution sites mapped onto the input scaffold, with aryl arms A and B indicated. c. Proportion of generated 588 
molecules associated with each substitution site. d. Complementary surface views of subpockets A and B 589 
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accommodating the two aryl arms. e. Sequential filtering and candidate-prioritization workflow. f. UMAP projection 590 
of the generated chemical space based on ECFP4-Tanimoto distances. Points are colored by similarity to A1; A1 and 591 
the selected candidates are indicated by a green star and cyan circles, respectively. g. Structures of ONC201, A1 and 592 
the five synthesized candidates. h. Concentration-response curves for ClpP activation. Data are mean ± s.d. (n = 4 593 
technical replicates). i. Structural evolution from A1 to DC-ClpP-03 and the corresponding 156-fold potency 594 
improvement. Introduced substituents are highlighted in yellow. j. Predicted binding mode of DC-ClpP-03 in ClpP. 595 
Hydrogen bonds to Q107 and E82 are shown as yellow and orange dashed lines, respectively; aromatic contacts are 596 
shown as cyan dashed lines. 597 

 598 

The generated molecules were subsequently prioritized through a sequential computational filtering 599 

and medicinal chemistry selection workflow (Fig. 7e; Methods Section 4.5). This procedure retained 50 600 

candidates, of which five were prioritized based on known ClpP SAR and successfully synthesized and 601 

tested (Fig. 7g). UMAP visualization based on ECFP4-Tanimoto distances showed that the generated 602 

molecules occupied multiple regions beyond the immediate neighborhood of A1, indicating structural 603 

diversification around the conditioned scaffold (Fig. 7f). 604 

Experimental testing showed that all five prioritized compounds exhibited lower mean EC₅₀ values 605 

than A1 under identical assay conditions, and four also showed lower EC₅₀ values than ONC201. DC-ClpP-606 

01 and DC-ClpP-03 were the two most potent compounds, with EC₅₀ values of 104.6 ± 14.6 and 38.7 ± 8.7 607 

nM, respectively. DC-ClpP-03 was the most potent compound, corresponding to an approximately 156-608 

fold potency improvement over A1 and a 32-fold improvement over ONC201 (Fig. 7g-i). Analysis of the 609 

matched analogs revealed a pronounced positional effect. Based on the mean EC₅₀ values, the S6 meta-610 

fluoro analog DC-ClpP-03 was 2.7-fold more potent than nonfluorinated DC-ClpP-01, whereas the S7 para-611 

fluoro analog DC-ClpP-02 (EC₅₀ = 575.1 ± 136.0 nM) was 5.5-fold less potent than DC-ClpP-01, resulting 612 

in a 14.9-fold difference between the two fluoro analogs. Although the predicted poses did not provide a 613 

clear structural explanation for this effect, docking suggested that DC-ClpP-03 maintained key contacts 614 

with H116 and W146 and a putative hydrogen bond with Q107. The introduced amino group was oriented 615 

toward E82, consistent with an additional potential hydrogen bond, whereas the trifluoromethyl group 616 

occupied an adjacent hydrophobic region (Fig. 7j). The LeadFlow-DPO-guided workflow yielded 617 

experimentally measured potency improvements in this ClpP campaign. These outcomes reflect the 618 

combined contributions of generation, computational filtering and candidate selection. 619 

3 Discussion 620 
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LeadFlow highlights the importance of aligning generative training-task construction and subsequent 621 

preference optimization with real-world molecular optimization. The scaffold-definition ablations support 622 

the contribution of series-derived MCS contexts to broad active-chemotype recovery. Building on this 623 

capacity for exploration, experimental activity-based DPO shifted recovery toward higher-activity 624 

reference molecules and outperformed the docking-score-based counterpart on activity-weighted recovery. 625 

Lower total exact-SMILES recovery and modest reductions in uniqueness and diversity accompanied this 626 

gain, indicating a trade-off between coverage and activity enrichment. The IRAK4 case provides a scaffold-627 

specific illustration of the resulting shift toward published SAR patterns. These findings identify training-628 

task construction as an important component of molecular optimization, alongside the generative 629 

architecture. Reference-active recovery measures coverage of known chemical space but does not establish 630 

the activity of novel outputs. Moreover, the benchmark supplies scaffolds derived from known active series, 631 

whereas prospective optimization requires selecting a scaffold from the starting hit. 632 

The prospective ClpP campaign tested whether this approach could contribute to experimentally useful 633 

modifications. Generation followed by structural and synthetic prioritization yielded five compounds with 634 

lower mean EC₅₀ values than the starting compound A1, with DC-ClpP-03 showing an approximately 156-635 

fold improvement. This outcome supports the practical utility of the combined workflow in the evaluated 636 

campaign. Its attribution remains at the workflow level because candidate selection contributed to the result 637 

and the prospective study did not isolate the effect of DPO. The campaign also exposes a limit of the 638 

computational interpretation. Meta-fluorination improved potency relative to the corresponding 639 

unsubstituted analog, whereas para-fluorination reduced it, producing a difference that neither site-level 640 

generation frequencies nor inspection of the predicted poses readily explained. Local packing, desolvation, 641 

water organization and conformational free-energy costs could contribute despite similar predicted poses68. 642 

Because EC50 measures functional activation, differential stabilization of activation-competent ClpP 643 

conformations is another possibility69. These remain untested explanations. The positional effect therefore 644 

illustrates that proposing productive modifications and resolving fine-grained SAR are distinct capabilities. 645 

Within this scope, LeadFlow offers a route to integrating scaffold-conditioned generation into design-646 

make-test-analyze cycles. Series-derived supervision supports exploration, while historical within-assay 647 

activity preferences can steer generation. The ClpP study evaluated one generation-and-selection campaign, 648 

iterative retraining on its new measurements remains a future extension. Extending this framework to 649 

measured ADMET preferences and additional prospective campaigns could address multi-objective 650 

optimization and experimental efficiency. 651 

4 Methods 652 
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4.1 Dataset 653 

4.1.1 Homologous Series Dataset 654 

The homologous series dataset was collected from the ChEMBL70 database (version 34) and contains 655 

protein-ligand records with experimental activity measurements (IC'(, EC'(, K), and K*). Ligands failing 656 

RDKit molecular sanitization and activity records containing null values, 0, or containing inequality 657 

symbols ‘<’ or ‘>’ were excluded. Entries were initially partitioned by UniProt ID to group ligands by 658 

protein target and further stratified into chemical series based on ChEMBL Assay ID. Grouping by assay 659 

reduces differences in experimental context when constructing activity preferences for DPO training. To 660 

prevent potential data leakage, we excluded all protein targets included in the MolGenBench test set based 661 

on UniProt IDs. Furthermore, any molecules identical to those in the MolGenBench test set or sharing the 662 

same BMScaffold were removed from the dataset. This filtering process resulted in a final curated dataset 663 

comprising 31,917 data entries distributed across 2,922 chemical series. From the chemical series whose 664 

protein targets were not shared with any other series, 50 series containing 399 data entries were randomly 665 

selected as the validation set, and the remaining series in the curated dataset were used as the training set. 666 

Representative PDB structures were selected for each chemical series by identifying co-crystallized ligands 667 

with the highest Tanimoto similarity to the series compounds. Protein and ligand structures were prepared 668 

using Schrödinger’s Protein Preparation Wizard and LigPrep with default parameters. Receptor grids were 669 

centered on the native co-crystallized ligand, and docking was performed via Glide29 with default 670 

parameters to generate a docked pose for each ligand. All Schrödinger-related operations were performed 671 

using version 2023-1. 672 

To construct the dataset for the molecular structural modification generative model, we utilized RDKit 673 

to identify the MCS as the scaffold to be modified for each chemical series. A valid MCS was required to 674 

contain more than one-third of the atoms of each retained molecule in a chemical series. A unified training 675 

framework was established by applying specific masking strategies. For molecules with a valid MCS, the 676 

shared substructure is retained while the remaining portions are masked, requiring the model to elaborate 677 

the existing scaffold to reconstruct the full ligand structure. In cases where no valid MCS is identified, or 678 

the ligand is identical to the MCS, the entire ligand was masked to support full-ligand reconstruction 679 

training. This strategy includes both scaffold-conditioned and full-ligand reconstruction examples under 680 

the same training objective. An overview of the curated homologous chemical series dataset is provided in 681 

Supplementary Fig. 10. 682 

4.1.2 Preference alignment dataset 683 
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We constructed the preference alignment dataset for DPO training based on the training data described 684 

above. Specifically, within each chemical series in the training set, we paired molecules that share the same 685 

core scaffold but exhibit an activity difference greater than 5-fold. This procedure yields a dataset 686 

containing 546,231 preference pairs from 1,748 eligible chemical series. This dataset is defined as 𝒟 =687 

67𝐩, 𝐱!, 𝐱+, , 𝐱+- 89, where 𝐩 denotes the protein target, 𝐱! represents the starting scaffold, 𝐱+,  denotes the 688 

preferred scaffold modification which exhibits higher activity, and 𝐱+-  denotes the rejected modification 689 

which exhibits lower activity. By fine-tuning on these pairwise comparisons, the model learns to distinguish 690 

high-activity modification from low-activity ones given the same core structure and protein context. This 691 

encourages the model to preferentially generate high-activity modification when conditioned on (𝐩, 𝐱!).  692 

4.1.3 MolGenBench hit-to-lead test set 693 

MolGenBench7 is a comprehensive benchmark specifically designed to evaluate SBDD models on 694 

both de novo molecular generation and hit-to-lead optimization tasks. The hit-to-lead dataset contains 120 695 

protein targets, with the top five representative chemical series selected for each target, resulting in a total 696 

of 600 series. Constructed from the ChEMBL database, each series comprises experimentally verified 697 

active molecules from the same assay to ensure bioactivity comparability by mitigating inter-assay 698 

discrepancies. For each series, the generative input is derived from the docked pose of a representative 699 

active molecule by retaining only the 3D conformation of the shared MCS. The model is required to perform 700 

structural modification based on this conserved core and the protein pocket to recover reference active 701 

ligands, particularly those exhibiting higher bioactivity. For each series, the model generates 200 molecules 702 

per round across three independent sampling rounds initialized with different seeds. 703 

4.2 Model implementation 704 

Notation 705 

SBMO aims to model the conditional probability 𝑝(𝐱+|	𝐩, 𝐱!), where the generated modification 𝐱+ 706 

combined with the invariant scaffold 𝐱! constitutes the complete ligand 𝐱. = 𝐱! ∪ 𝐱+. Let 𝑁., 𝑁!, and 𝑁+ 707 

denote the numbers of atoms in 𝐱. , 𝐱! , and 𝐱+ , respectively, with 𝑁. = 𝑁! +𝑁+ . The modification is 708 

represented as 𝐱+ = (𝐫+ , 𝐡+ , 𝐀+). Here, 𝐫+ ∈ ℝ/!×1 denotes the continuous coordinates of modification 709 

atoms, and 𝐡+ ∈ ℝ/!×2" denotes their atom types in one-hot form, where 𝐾3 is the number of atom types. 710 

For bond types, let ℰ45(𝑁.) denote the directed fully connected atom-pair set of the complete ligand with 711 

self-loops excluded. Let 𝐸+ ⊆ ℰ45(𝑁.) be the subset of atom pairs involving modification atoms. We 712 

represent bond types on this subset as 𝐀+ ∈ ℝ∣7!∣×2#, where 𝐾8 is the number of bond types. 713 
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The protein target is represented as 𝐩 = (𝐫9 , 𝐡9) . To simplify the generative formulation, the 714 

modification data is partitioned into continuous variables 𝐱: ∶= 𝐫+ and discrete variables 𝐱; ∶= (𝐡+ , 𝐀+). 715 

The model generates 𝐱+  conditioned on the 3D environment provided by the protein 𝐩 and invariant 716 

scaffold 𝐱!. When no valid MCS is identified or the ligand is identical to the MCS, we mask the entire 717 

ligand and treat it as de novo generation, in which case 𝐱! = ∅. For brevity, these conditions are omitted 718 

from notation where the context is unambiguous. Detailed featurization of the protein and ligand inputs is 719 

provided in the Supplementary Table 5, 6. 720 

4.2.1 Scaffold Modification with Bayesian Flow Networks 721 

Modeling the synergistic relationship between continuous 3D atomic geometry and discrete chemical 722 

topology requires a generative framework capable of integrating these different modalities within a unified 723 

formulation. We employ BFN, which provide a robust mathematical basis for handling hybrid modality 724 

data by operating within a continuous parameter space 𝜽 . Unlike conventional diffusion models that 725 

directly perturb discrete or continuous variables, BFN model the evolution of distribution parameters 726 

through iterative Bayesian updates. 727 

The generative process of BFN initiates with an uninformative prior 𝜽( and progressively refines the 728 

distribution parameters to produce a sequence of posteriors 𝜽"  that incorporate increasing information. 729 

Specifically, a standard multivariate normal distribution is employed as the prior for the continuous atomic 730 

positions 𝐱:, while a uniform categorical distribution is used for the discrete variables 𝐱;. The refinement 731 

is governed by a message-passing process between the sender and receiver distributions, where the sender’s 732 

visibility is confined to the sample space, while the receiver infers messages based on its interpretation of 733 

samples and parameters. 734 

Within each communication round of the BFN, the sender distribution 𝑝!(𝐲	|	𝐱; 𝛼)  perturbs the 735 

molecular modification data 𝐱 = (𝐱: , 𝐱;) depending on modality-specific noise schedules	and sends the 736 

observed noisy latent variables	𝐲 to the receiver distribution. We discretize 𝑡 ∈ [0,1] into 𝑇 steps with 737 

indices 𝑖 ∈ {1, … , 𝑇}, where 𝑡" = 𝑖/𝑇 and 𝛼" ≜ 𝛼(𝑡"). In the following, we use 𝑡 interchangeably with the 738 

discrete index 𝑖 for notational simplicity. Then the sender distribution	𝑝!	can be formulated as follows: 739 

𝑝!(𝐲	|	𝐱; 𝛼) = S
𝒩(𝐱: , 𝛼:(𝑡)$%𝐈),																																					for	continuous	data	𝐱:
𝒩7𝛼;(𝑡)7𝐾𝐞𝐱$ − 𝟏8, 𝛼;(𝑡)𝐾𝐈8, for	discrete	data	𝐱;

(1) 740 

where 𝐾 is the number of possible types. For the discrete data 𝐱; ∈ {1,… , 𝐾}, 𝐞𝐱$ is the one-hot encoding 741 

of 𝐱;, and the corresponding noisy observation	𝐲; ∈ ℝ2 	is also represented as 𝐾-dimensional vector. The 742 
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noise levels 𝛼:(𝑡) and 𝛼;(𝑡) are derived from monotonically increasing, differentiable noise schedule 743 

functions 𝛽:(𝑡) and 𝛽;(𝑡): 744 

𝛽:(𝑡) = 𝜎%$=> − 1, 	𝛽;(𝑡) = 𝛽%𝑡=, (2) 745 

where 𝜎% ∈ (0,1) and 𝛽% ∈ ℝ? are hyperparameters. The per-timestep noise is defined by 𝛼(𝑡) = 𝛽@(𝑡)746 

∶= 𝑑𝛽(𝑡)/𝑑𝑡 747 

Unlike diffusion models that operate by iteratively denoising noisy latent variables, the BFN receiver 748 

distribution employs a neural network 𝜙  to predict an estimate of the clean data 𝐱/"$% =749 

𝐱iA(𝜽"$%, 𝑡" , 𝐩, 𝐱!)	with its current belief 𝜽"$%. The receiver distribution is formulated by integrating 𝐱/"$% 750 

with the noise scheduler 𝛼", thereby enabling the sampling of a noisy estimation 𝐲"~𝑞(· |𝐱/"$%; 𝛼"): 751 

𝑝#(𝐲" 	|	𝜽"$%, 𝜙; 𝛼") = 𝑞7𝐲" 	|		𝐱iA(𝜽"$%, 𝑡" , 𝐩, 𝐱!); 𝛼"8 (3) 752 

The information gathering process is modeled via a Bayesian update function ℎ, which iteratively 753 

refines the prior 𝜽"$% into the data-informed posterior 𝜽" given the noisy estimation 𝐲": 754 

𝜽" = ℎ(𝜽"$%, 𝐲" , 𝛼") (4) 755 

The parameter update for 𝜽"  given 𝜽"$%  and a data point 𝐱  is denoted by the Bayesian update 756 

distribution 𝑝B7𝜽"|𝜽"$%, 𝐱; 𝛼(𝑡")8. Exploiting the property of additive accuracy, BFNs define a simulation-757 

free Bayesian flow distribution 𝑝C(𝜽|𝐱; 𝑡). This allows for direct computation of the updated parameter at 758 

any timestep during training process, bypassing iterative noising: 759 

𝑝C(𝜽|𝐱; 𝑡) = p
𝒩7𝛾(𝑡)𝐱: , 𝛾(𝑡)71 − 𝛾(𝑡)8𝐈8,											for	continuous	data	𝐱:
𝛿 s𝜽;(𝑡) − softmax7𝐲;(𝑡)8v , for	discrete	data	𝐱;

(5) 760 

where γ(𝑡) ∶= D%
%?D%

, and 𝐲;(𝑡) follows the discrete case in Eq. 1 761 

In practice, we follow the noise reduced sampling strategy of MolCRAFT41 to mitigate the variance 762 

introduced by sampling 𝐲" . Specifically, we directly use the network prediction 𝐱/"$%  derived from the 763 

previous parameters 𝜽"$% and obtain 𝜽" via Bayesian flow distribution 𝑝C(· |𝐱/"$%; 𝑡"), thereby bypassing 764 

sampling noisy 𝐲" and improving both sampling efficiency and generation quality. 765 

The model	𝜙 is trained by minimizing the KL divergence between sender and receiver distributions 766 

across timesteps and trajectories, yielding the following loss: 767 
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ℒEFG(𝜙) = 𝔼𝐱~I&'('{𝐷2.7𝑝!(𝐲" 	|	𝐱; 𝛼")	||	𝑝#(𝐲" 	|	𝜽"$%, 𝜙; 𝛼")8
J

"K%

(6) 768 

According to the BFN framework36, these losses are computed at each timestep to minimize the 769 

divergence between the sender and receiver distributions, with the continuous-variable loss ℒ>: and discrete-770 

variable loss ℒ>; defined as follows. 771 

ℒ>: =
𝛼:(𝑡")
2

~𝐱: − 𝐱iA,:(𝜽"$%, 𝑡" , 𝐩, 𝐱!)~
= (7) 772 

ℒ>; = ln 𝑝! �𝐲;
(")	|	𝐱;; 𝛼;(𝑡")� − ln 𝑝# �𝐲;

(")	|	𝐱iA,;(𝜽"$%, 𝑡" , 𝐩, 𝐱!); 𝛼;(𝑡")� (8) 773 

where 𝐱iA,:(·) and 𝐱iA,;(·) represent the network’s estimations of the continuous and discrete variables, 774 

respectively. The neural network 𝜙 is parameterized with an SE(3)-equivariant graph transformer. The 775 

detailed architecture of 𝜙 is described in the Supplementary Information. 776 

4.2.2 Direct Preference Optimization 777 

Reinforcement learning from human feedback (RLHF) aligns generative models with human 778 

preferences and has been widely used in large language models by first fitting a reward model and then 779 

optimizing the generative model with a KL-regularized reinforcement learning algorithm such as Proximal 780 

Policy Optimization (PPO)71. Compared to PPO, Direct Preference Optimization (DPO) provides an 781 

alternative that bypasses explicit reinforcement learning by directly optimizing the model on preference 782 

pairs38. It can be derived as a closed-form reformulation of the KL-regularized RLHF objective under the 783 

Bradley-Terry preference model72, without training an explicit reward model. More recently, DPO-style 784 

preference optimization has been extended beyond language to a broader range of generative models, 785 

including diffusion-based and flow-based formulations, and has been explored in applications such as text-786 

to-image generation and biomolecular design28,37,73. In our scaffold modification setting, experimental 787 

activity measurements provide a natural preference signal, where candidate modifications under the same 788 

protein target and starting scaffold are paired by their measured scores to form winning-losing pairs for 789 

DPO training. We shift the conditional distribution of scaffold modifications toward higher activity 790 

conditioned on the protein target and starting scaffold. 791 
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Using our preference alignment dataset 𝒟, we treat (𝐩, 𝐱!) as the conditioning context and 7𝐱+, , 𝐱+- 8 792 

as the preferred and dispreferred scaffold modifications, respectively. The DPO objective is then given by 793 

ℒOPQ(𝜙) = −𝔼R𝐩,𝐱),𝐱!* ,𝐱!+ T~𝒟 �log 𝜎 �𝛽 log
𝑝A(𝐱+, 	|	𝐩, 𝐱!)
𝑝VW4(𝐱+, 	|	𝐩, 𝐱!)

− 𝛽 log
𝑝A7𝐱+- 	|	𝐩, 𝐱!8
𝑝VW47𝐱+- 	|	𝐩, 𝐱!8

�� (9) 794 

where 𝑝𝜙 and 𝑝ref  denote the conditional distributions induced by the DPO fine-tuned and frozen pre-795 

trained LeadFlow models, respectively. The hyperparameter 𝛽  controls the strength of preference 796 

optimization, and 𝜎(⋅) is the logistic sigmoid function.  797 

Minimizing this loss encourages the fine-tuned model 𝑝A to assign higher relative likelihood to the 798 

winning samples than to the losing samples, while remaining close to 𝑝VW4. In our implementation, we 799 

adapted the BFN-DPO framework originally proposed by Lee et al.74 to the task of scaffold modification. 800 

The resulting objective is formulated as follows: 801 

ℒEFG$OPQ(𝜙) = −𝔼 �log 𝜎 �𝛽 log
𝑝A(𝐲%:J, 	|	𝜽(:J$%, )
𝑝VW4(𝐲%:J, 	|	𝜽(:J$%, ) − 𝛽 log

𝑝A7𝐲%:J- 	|	𝜽(:J$%- 8
𝑝VW47𝐲%:J- 	|	𝜽(:J$%- 8

�� (10) 802 

where we omit the condition (𝐩, 𝐱!) for brevity. Here, 𝐲> is a noisy sample drawn at time step 𝑡 from the 803 

receiver output, governed by the BFN’s sender/receiver distributions, and 𝜽> are parameters sampled from 804 

the Bayesian flow distribution 𝑝C in Eq. 5.  805 

Expanding the ratio into a sum over time steps with Jensen’s inequality, one obtains an upper bound 806 

involving differences of KL terms at each time step. By approximating the receiver distribution in 807 

expectation with the sender distribution, we can obtain the following loss: 808 

ℒEFG$OPQ(𝜙) = −𝔼�ℒ>:
, + ℒ>;

,� (11) 809 

where ℒ>:
,  and ℒ>;

,  are the continuous-variable loss and discrete-variable loss under the DPO setting, 810 

respectively. 811 

Let 𝐱:, and 𝐱:-  be the clean coordinates for the winning and losing modifications. The continuous-812 

variable loss is defined as 813 

ℒ𝑡𝑐
′
= −𝔼�log 𝜎 �−𝛽𝑇

𝛼:(𝑡)
2

�∆𝐱%
, − ∆𝐱%

- ��� (12) 814 
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where 815 

∆𝐱%
, = ~𝐱:, − 𝐱iA,:(𝜽"$%, , 𝑡" , 𝐩, 𝐱!)~

= − ~𝐱:, − 𝐱iVW4,:(𝜽"$%, , 𝑡" , 𝐩, 𝐱!)~
= (13) 816 

and similarly for ∆𝐱%
- . Here, 𝐱iA,:(·) and 𝐱iVW4,:(·) generate coordinate predictions under the fine-tuned and 817 

frozen pre-trained LeadFlow models, respectively. 818 

For discrete variables, we have a similar construction based on KL divergences. The discrete-variable 819 

loss has the form of 820 

ℒ𝑡𝑑
′
= −𝔼�log 𝜎 7−𝛽𝑇�∆𝐱$

, − ∆𝐱$
- �8� (14) 821 

where 822 

∆𝐱$
, = �ln 𝑝! �𝐲;

(",,)	|	𝐱;,; 𝛼;(𝑡")� − ln 𝑝# �𝐲;
(",,)	|	𝐱iA,;(𝜽"$%, , 𝑡" , 𝐩, 𝐱!); 𝛼;(𝑡")��

− �ln 𝑝! �𝐲;
(",,)	|	𝐱;,; 𝛼;(𝑡")� − ln 𝑝# �𝐲;

(",,)	|	𝐱iVW4,;(𝜽"$%, , 𝑡" , 𝐩, 𝐱!); 𝛼;(𝑡")�� (15)
 823 

and similarly for ∆𝐱$
- .  824 

To alleviate overfitting to winning samples, we adopt E2PO28, following its use in prior BFN-DPO 825 

work74. In our setting, the BFN-DPO surrogate decomposes into three components: one continuous term 826 

for coordinates and two discrete terms for atom types and bond types. Therefore, the complementary 827 

construction in E2PO yields the constant 𝐾 = 3. We replace the BFN-DPO loss with the following E2PO-828 

modified objective: 829 

ℒEFG$]-PQ = −𝔼 �𝜎7𝑟, − 𝑟-8ℒEFG$OPQ + �s1 − 𝜎7𝑟, − 𝑟-8v (𝐾 − ℒEFG$OPQ)�� , 𝐾 = 3	 (16) 830 

where 𝑟, and 𝑟- denote the reward values assigned to the winning and losing modifications, respectively. 831 

For LeadFlow-DPO, we define	pActivity  as 𝑟 = −log%((𝑥) , where 𝑥  is the experimentally measured 832 

IC'(, EC'(, K"  or K;  value in molar units, corresponding to pIC'(, pEC'(, pK" , or pK; . For LeadFlow-833 

DPO-DS, 𝑟 was defined as the negative Glide docking score. The reward-dependent weighting in Eq.16 834 

modulates the strength of preference optimization according to the reward difference between winning and 835 

losing modifications. When 7𝑟,−𝑟-8  is large, 1 − 𝜎(𝑟, − 𝑟-)  approaches zero, and the objective 836 
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approaches the original BFN-DPO objective. Conversely, smaller reward differences result in weaker 837 

preference optimization. 838 

4.2.3 Protein Pocket Extraction 839 

The protein pocket was defined as the set of residues whose center of mass fell within a radius of 10 840 

Å from any heavy atom of the input MCS scaffold. The center of mass of each residue was computed as 841 

the mass-weighted average position of all its constituent atoms, where atomic masses were used as weights. 842 

4.2.4 Atom Number Sampling 843 

To determine the number of atoms to generate for structural modification, we first analyzed the joint 844 

distribution of ligand atom counts and pocket sizes across the training set. Pocket size was quantified as the 845 

median of the ten largest pairwise distances among all heavy atoms in the pocket, which captures the spatial 846 

extent of the binding site without being sensitive to outliers. Pockets were grouped into 10 bins using equal-847 

frequency binning, where bin boundaries were determined by the deciles of the pocket size distribution in 848 

the training set. For each bin, we computed the empirical probability distribution over ligand heavy atom 849 

counts observed in the training set.  850 

During model inference, the pocket size of the input structure is assigned to the corresponding bin, 851 

with the largest bin being open-ended. The total ligand atom count is then sampled from the associated 852 

distribution. If the sampled count is less than or equal to the number of scaffold heavy atoms, it is resampled. 853 

The number of atoms to be generated is then obtained by subtracting the number of scaffold heavy atoms 854 

from the sampled total. 855 

4.2.5 Molecule Construction 856 

Since our model directly generates atomic coordinates, atom types, and bond connectivity for the 857 

structural modification, the complete molecule can be assembled by combining the generated atoms with 858 

the input scaffold using RDKit.  859 

4.3 Evaluation metrics 860 

We follow the evaluation protocol of MolGenBench7. Specifically, the medchem75 toolkit is employed 861 

to compute ChemFilter pass rate, while PoseBusters51 and PoseCheck50 are used to evaluate the 862 

conformational metrics. Protein-ligand interaction types are analyzed using ProLIF53. Hit Recovery, Hit 863 
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Rate, and Hit Fraction are used to evaluate the ability of models to recover experimentally validated active 864 

chemotypes, following the same calculation protocol as MolGenBench, with their definitions provided 865 

below. 866 

Hit Recovery 867 

Hit Recovery is defined as the successful recovery of at least one known active SMILES or one 868 

corresponding BMScaffold among the generated molecules for a test case. 869 

Hit Rate 870 

Hit Rate is defined as the ratio of unique active entities recovered to the total number of molecules 871 

sampled, as formalized in Eq.17: 872 

Hit	Rate^_`W^ =
ℳ_5a)bW

ℳc_de^W*
	 ; label ∈ {SMILES, BMScaffold} (17) 873 

Here, ℳ_5a)bW denotes the number of unique active SMILES or molecules bearing active BMScaffolds 874 

identified in the sampled set, while ℳc_de^W* represents the total number of generated molecules sampled 875 

for evaluation.  876 

Hit Fraction 877 

Hit Fraction is defined as the ratio of unique active entities recovered by a model to the total number 878 

of reference active entities for that series, as formalized in Eq.18: 879 

Hit	Fraction^_`W^ =
𝐹_5a)bW
𝐹VW4

	 ; label ∈ {SMILES, BMScaffold} (18) 880 

Here, 𝐹_5a)bW  denotes the number of unique active SMILES or BMScaffold identified in the model’s 881 

sampled outputs, while 𝐹VW4 represents the total number of unique reference active SMILES or BMScaffold 882 

for the specific series. This metric directly reflects a model’s ability to cover the known bioactive space, 883 

complementing the hit rate’s focus on efficiency. 884 

NADR 885 

To evaluate the model’s capacity to prioritize the generation of high-activity candidates, we utilized 886 

the Normalized Activity Discounted Rank (NADR). Inspired by the Normalized Discounted Cumulative 887 

Gain frequently employed in information retrieval, NADR is employed to evaluate the recovery of high-888 
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activity candidates from the reference chemical series. This metric is defined as: 889 

NADR ={
pActivity"cWV)Wc − pActivityd)fcWV)Wc

pActivityd_gcWV)Wc − pActivityd)fcWV)Wc ×
1

log=(1 + Rank")

h

"

(19) 890 

where 𝑛 is the number of unique active molecules recovered within the corresponding chemical series in 891 

each sampling round, with duplicate recoveries counted only once based on canonical isomeric SMILES. 892 

pActivity"cWV)Wc  is the activity of the 𝑖 -th successfully recovered unique active molecule, while 893 

pActivityd_gcWV)Wc and pActivityd)fcWV)Wc denote the maximum and minimum activities within the corresponding 894 

chemical series, respectively. Higher pActivity  values indicate stronger activity. Rank"  represents the 895 

activity-based rank of the 𝑖-th recovered molecule among all reference molecules in the corresponding 896 

chemical series, with rank 1 assigned to the most active reference molecule. In this formulation, the activity 897 

of each recovered molecule is min-max normalized within its chemical series. A logarithmic rank penalty 898 

is applied based on the activity rank, ensuring that high-activity compounds contribute more significantly 899 

to the final score than those with lower activity. Higher NADR values indicate stronger activity-weighted 900 

recovery of known reference molecules under the evaluated sampling budget. NADR was calculated and 901 

averaged across chemical series with at least one recovered active molecule. 902 

4.4 Baseline models  903 

To comprehensively evaluate the performance of LeadFlow, we compared it against a diverse set of 904 

baseline models from MolGenBench. We directly adopted the reported performance metrics in the 905 

MolGenBench7 study for the following methods. Based on their input modalities, these baselines could be 906 

categorized into structure-based molecular optimization methods and ligand-based methods. 907 

Structure-based molecular optimization methods explicitly utilize the 3D structures of both the 908 

scaffold and the protein pocket as inputs to condition the generation process. These methods include: 909 

� Delete16. An SE(3)-equivariant autoregressive model for lead optimization that utilizes the extracted 910 

protein surface to guide geometric generation. The model is trained on the CrossDocked dataset via a 911 

masked reconstruction objective for different lead optimization tasks. The version trained with the 912 

fragment mask is evaluated on the scaffold modification task. 913 

� DiffDec17. An SE(3)-equivariant 3D diffusion-based generative model specializing in structure-based 914 

scaffold modification. Trained on the CrossDocked dataset using a reaction-based slicing method to 915 

define scaffold and R-group pairs. Crucially, the generation process requires explicit modification 916 
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anchors on the scaffold. 917 

� DiffSBDD18. An SE(3)-equivariant 3D conditional diffusion model originally developed for structure-918 

based de novo molecule generation. By leveraging its inpainting strategy, this model can be adapted 919 

for the scaffold modification task, generating ligands conditioned on both the scaffold and the protein 920 

pocket. We include results for versions trained on CrossDocked (DiffSBDD-C) and Binding MOAD 921 

(DiffSBDD-M). 922 

Ligand-based methods utilize features extracted from reference active molecules as inputs to guide the 923 

generation. These methods include: 924 

� ShEPhERD13. A diffusion-based generative model that learns the joint distribution of molecular 925 

structures and their 3D interaction profiles, generating 3D molecules conditioned on the shapes, 926 

electrostatics, and pharmacophores from the reference molecule. 927 

� PGMG14. A pharmacophore-guided model trained on ChEMBL dataset that employs a GNN encoder 928 

and a Transformer decoder to generate molecular SMILES conditioned on pharmacophores extracted 929 

from the reference molecule. 930 

� ShapeMol49. An SE(3)-equivariant diffusion model that utilizes the extracted surface of a small 931 

molecule as a conditioning input, aiming to generate 3D molecules with matching geometric shapes. 932 

4.5 LeadFlow-DPO-guided ClpP optimization and candidate prioritization  933 

The A1-derived core scaffold and the activator-binding pocket extracted from the ONC201-bound 934 

ClpP structure (PDB 6DL7) were used as conditioning inputs for LeadFlow-DPO. A single sampling run 935 

with a random seed of 3407 generated 10,000 molecular structures. Generated structures were processed 936 

by retaining the largest molecular fragment, and duplicates were removed based on canonical isomeric 937 

SMILES, yielding 3,147 unique candidates. Substitution events were assigned to sites S1-S7 according to 938 

their attachment positions on the input scaffold, and site frequencies were calculated over all mapped events. 939 

Chemical-space distributions were visualized by UMAP using ECFP4-Tanimoto distances. 940 

The unique candidates were sequentially filtered using rd_filters 941 

(https://github.com/PatWalters/rd_filters). The permitted ranges were molecular weight ≤500 Da, −5 ≤ 942 

LogP ≤ 5, hydrogen-bond donors ≤5, hydrogen-bond acceptors ≤10, rotatable bonds ≤10 and topological 943 

polar surface area ≤200 Å². Compounds matching PAINS76 or Bristol-Myers Squibb structural alerts77 were 944 

excluded. Synthetic-accessibility scores were calculated using the RDKit SA_Score implementation, with 945 
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lower values indicating greater predicted synthetic accessibility, and compounds with scores ≤3.0 were 946 

retained. 947 

The remaining candidates were redocked into the ClpP activator-binding pocket using Glide in 948 

Schrödinger Release 2023-1 with standard-precision mode and otherwise default settings. The receptor grid 949 

was centered on the ONC201-binding site. Pose consistency was assessed using the heavy-atom RMSD 950 

between the generated and redocked poses. Candidates with RMSD values below 2.0 Å were further 951 

inspected for pocket complementarity, steric clashes and preservation of key contacts involving H116, 952 

W146 and Q107. This procedure retained 50 candidates (Supplementary Table 7), from which five were 953 

prioritized through medicinal chemistry review informed by known ClpP structure-activity relationships. 954 

All five compounds were direct model outputs without manual structural modification and were 955 

successfully synthesized and evaluated using the ClpP activation assay described below. 956 

4.6 Chemical synthesis  957 

General information: starting materials, reagents and solvents were purchased from Bide Pharmatech 958 

(Shanghai, China), Adamas-beta (Shanghai, China), Energy Chemical (Shanghai, China), and J&K (Beijing, 959 

China), and were used without further purification. Flash Chromatography was performed on a Biotage 960 

Isolera One (Biotage AB publ, Uppsala, Sweden) using a Sfär Bio C18 column (Biotage AB publ, Uppsala, 961 

Sweden). Nuclear magnetic resonance (NMR) spectroscopy was performed on a Bruker Ascend 500 or 600 962 

MHz NMR instrument with tetramethylsilane (TMS) as the internal standard. Chemical shifts were reported 963 

in parts per million (ppm, δ) downfield from tetramethylsilane. Proton coupling patterns were described as 964 

singlet (s), doublet (d), triplet (t), quartet (q), multiplet (m), and broad (br). High-resolution mass spectra 965 

(HRMS) and low-resolution mass spectra (LRMS) were obtained by electrospray ionization (ESI) using 966 

Thermo Exactive Plus (Thermo Fisher Scientific, Waltham, MA, USA) and Agilent 6125C (Agilent 967 

Technologies Inc., Santa Clara, CA, USA), respectively. HPLC data analysis of compounds was performed 968 

on an Agilent 1290 (Agilent Technologies Inc., Santa Clara, CA, USA) with a quaternary pump and diode-969 

array detector (DAD), the peak purity was verified by UV spectra. All tested compounds had HPLC 970 

purity >95%. NMR spectra, HRMS data and HPLC chromatograms are provided in Supplementary 971 

Information. 972 

6-benzyl-3-(2-methylbenzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-4(3H)-one (A1). 973 

 974 

N

O

O

O

HCl

N NH

N

O

N N

N

O Me

S1 S2 A1

2-methylbenzyl chloride
Formamidamide

hydrochloride

MeONa, MeOH, reflux Cs2CO3, THF, 80 °C
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A mixture of S1 (2.0 g, 7.1 mmol), formamidine hydrochloride (0.9 g, 11.6 mmol), and MeONa (2.0 g, 975 

35.5 mmol) in MeOH (30 mL) was stirred overnight at 80 °C. The residue was diluted with H2O (20 mL) 976 

and extracted with EA (3 × 30 mL). The combined organic layers were washed with brine, dried over 977 

Na2SO4, and concentrated. The residue was purified by silica gel chromatography (PE: EA = 2/1 to 1/1) to 978 

afford intermediate S2 as a yellow solid (0.6 g, 36% yield). LC/MS (ESI): m/z 242.2 [M + H]+. Then, a 979 

solution of S2 (0.6 g, 2.5 mmol), 2-methylbenzyl chloride (0.4 mL, 3.3 mmol), and Cs2CO3 (1.2 g, 3.7 980 

mmol) in THF (15 mL) was stirred overnight at 80 °C. The mixture was diluted with H2O (20 mL) and 981 

extracted with EA (3 × 20 mL). The combined organic layers were washed with brine, dried over Na2SO4, 982 

and concentrated. The residue was purified via silica gel chromatography (PE: EA = 3/1 to 1/1) to afford 983 

the final compound A1 as a yellow powder (0.3 g, 35% yield). 1H NMR (500 MHz, DMSO-d6) δ 8.37 (s, 984 

1H), 7.37 – 7.31 (m, 4H), 7.30 – 7.24 (m, 1H), 7.21 – 7.12 (m, 3H), 6.82 (d, J = 7.6 Hz, 1H), 5.06 (d, J = 985 

2.6 Hz, 2H), 3.68 (s, 2H), 3.24 (s, 2H), 2.75 – 2.63 (m, 4H), 2.33 (s, 3H). 13C NMR (151 MHz, DMSO-d6) 986 

δ 163.76, 159.54, 158.48, 149.87, 138.31, 136.05, 134.80, 130.69, 129.34, 128.73, 127.88, 126.81, 126.55, 987 

119.43, 61.88, 56.56, 49.43, 46.97, 31.44, 19.23; HRMS (ESI) calcd for C22H24N3O+ 346.1913 [M + H]+, 988 

found 346.1912. 989 

General method for the preparation of compounds DC-ClpP-01~04. 990 

 991 

Typical procedures: Compound S3 (5.4 g, 20.0 mmol) and guanidine hydrochloride (2.9 g, 30 mmol) 992 

were dissolved in methanol (100 mL), MeONa (5.5 g, 100.0 mmol) was added, and the mixture was stirred 993 

at 80 °C for 6 h. Upon completion of the reaction, the mixture was cooled to room temperature and 994 

concentrated under reduced pressure. The reaction mixture was diluted with DCM (100 mL) and water (50 995 

mL) was added. The aqueous layer was extracted with DCM (3 × 30 mL). The combined organic layers 996 

were dried over Na2SO4, filtered and concentrated under reduced pressure. The resulting residue was used 997 

for the next step without further purification.  998 

The crude S4 (1.3 g, 5.0 mmol) from the above step was dissolved in THF (20 mL), and 1.3 equiv 999 

substituted benzyl bromide, 1.3 equiv Cs2CO3 were added. The mixture was stirred at 80 °C until the starting 1000 
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material was consumed. The reaction was quenched with water (50 mL), and the aqueous layer was 1001 

extracted with EA (3 × 50 mL). The combined organic layers were dried over Na2SO4 and concentrated 1002 

under reduced pressure. The residue was purified by silica gel chromatography (PE: EA = 3/1 to 1/1) to 1003 

afford intermediate S5 (35%~38% yield).  1004 

To a solution of the compound S5 in DCM (c = 0.1 M) was added HCl (20 equiv., 2.0 mol/L in EA) and 1005 

the mixture was stirred at room temperature. After completion of the reaction, the solvent was removed in 1006 

vacuo to afford intermediate S6. Then, S6 and DIPEA (3.0 equiv.) were dissolved in MeCN (c = 0.2 M), 1007 

substituted benzyl bromide (1.5 equiv.) was added, and the mixture was stirred at room temperature. Upon 1008 

completion of the reaction, the mixture was diluted with H2O (20 mL) and extracted with EA (3 × 30 mL). 1009 

The combined organic layers were washed with brine, dried over Na2SO4, and concentrated. The residue 1010 

was purified by silica gel chromatography (PE: EA = 3/1 to 1/1) to afford the final compound DC-ClpP-1011 

01~04 (63%~74% yield). 1012 

2-amino-6-benzyl-3-(4-(trifluoromethyl)benzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-4(3H)-one 1013 

(DC-ClpP-01) 1014 

Yield = 66%. White solid. 1H NMR (600 MHz, CDCl3) δ 7.62 (d, J = 8.0 1015 

Hz, 2H), 7.41 – 7.32 (m, 6H), 7.31 – 7.25 (m, 1H), 5.24 (s, 2H), 5.09 (s, 2H), 1016 

3.73 (s, 2H), 3.46 (s, 2H), 2.71 (t, J = 5.8 Hz, 2H), 2.56 (t, J = 5.9 Hz, 2H). 1017 
13C NMR (151 MHz, CDCl3) δ 161.00, 159.04, 152.92, 138.75, 137.93, 130.61 (q, J = 32.7 Hz), 129.22, 1018 

128.39, 127.29, 127.02, 126.27 (q, J = 3.7 Hz), 123.80 (q, J = 272.2 Hz), 109.45, 62.64, 50.17, 49.23, 44.44, 1019 

31.69. 19F NMR (471 MHz, CDCl3) δ -62.70. HRMS (ESI) calcd for C22H22F3N4O+ 415.1741 [M + H]+, 1020 

found 415.1727. 1021 

2-amino-6-(4-fluorobenzyl)-3-(4-(trifluoromethyl)benzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-1022 

4(3H)-one (DC-ClpP-02) 1023 

Yield = 63%. White solid. 1H NMR (500 MHz, CDCl3) δ 7.64 (d, J = 8.0 1024 

Hz, 2H), 7.42 – 7.30 (m, 4H), 7.03 (t, J = 8.6 Hz, 2H), 5.27 (s, 2H), 4.83 1025 

(brs, 2H), 3.70 (s, 2H), 3.45 (s, 2H), 2.72 (t, J = 5.7 Hz, 2H), 2.59 (t, J = 5.8 1026 

Hz, 2H). 13C NMR (151 MHz, CDCl3) δ 162.16 (d, J = 245.1 Hz), 160.97, 1027 

159.02, 152.79, 138.70, 133.60, 130.70 (q, J = 32.7 Hz), 130.69 (d, J = 8.1 Hz), 127.04, 126.33 (q, J = 3.7 1028 

Hz), 123.78 (q, J = 272.2 Hz), 115.21 (d, J = 21.2 Hz), 109.48, 61.81, 50.02, 49.26, 44.52, 31.70. 19F NMR 1029 

(471 MHz, CDCl3) δ -62.71, -115.62. HRMS (ESI) calcd for C22H21F4N4O+ 433.1646 [M + H]+, found 1030 

433.1635. 1031 

2-amino-6-(3-fluorobenzyl)-3-(4-(trifluoromethyl)benzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-1032 

N

N

N
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4(3H)-one (DC-ClpP-03) 1033 

Yield = 74%. White solid. 1H NMR (500 MHz, CDCl3) δ 7.63 (d, J = 1034 

8.1 Hz, 2H), 7.37 (d, J = 8.0 Hz, 2H), 7.33 – 7.26 (m, 1H), 7.16 – 7.10 1035 

(m, 2H), 6.97 (td, J = 8.5, 2.6 Hz, 1H), 5.25 (s, 2H), 5.06 (brs, 2H), 3.72 1036 

(s, 2H), 3.45 (d, J = 2.2 Hz, 2H), 2.72 (t, J = 5.8 Hz, 2H), 2.57 (t, J = 5.8 Hz, 2H). 13C NMR (126 MHz, 1037 

CDCl3) δ 163.02 (d, J = 245.8 Hz), 160.97, 158.96, 152.92, 140.83 (d, J = 7.0 Hz), 138.71, 130.66 (q, J = 1038 

32.8 Hz), 129.79 (d, J = 8.2 Hz), 127.02, 126.29 (q, J = 3.8 Hz), 124.55 (d, J = 2.7 Hz), 123.79 (q, J = 272.1 1039 

Hz), 115.74 (d, J = 21.3 Hz), 114.16 (d, J = 21.3 Hz), 109.35, 62.03, 50.10, 49.36, 44.48, 31.67. 19F NMR 1040 

(471 MHz, CDCl3) δ -62.70, -113.56. HRMS (ESI) calcd for C22H21F4N4O+ 433.1646 [M + H]+, found 1041 

433.1636. 1042 

2-amino-3-(4-chlorobenzyl)-6-(4-fluorobenzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-4(3H)-one (DC-1043 

ClpP-04) 1044 

Yield = 71%. White solid. 1H NMR (500 MHz, CDCl3) δ 7.38 – 7.30 1045 

(m, 4H), 7.20 (d, J = 8.4 Hz, 2H), 7.03 (t, J = 8.7 Hz, 2H), 5.18 (s, 2H), 1046 

4.85 (brs, 2H), 3.69 (s, 2H), 3.44 (s, 2H), 2.70 (t, J = 5.8 Hz, 2H), 2.57 1047 

(t, J = 5.8 Hz, 2H). 13C NMR (151 MHz, CDCl3) δ 162.13 (d, J = 245.0 1048 

Hz), 161.06, 158.88, 152.95, 134.28, 133.72 (d, J = 3.2 Hz), 133.14, 130.67 (d, J = 8.0 Hz), 129.55, 128.14, 1049 

115.18 (d, J = 21.2 Hz), 109.47, 61.83, 50.07, 49.27, 44.31, 31.70. 19F NMR (471 MHz, CDCl3) δ -115.67. 1050 

HRMS (ESI) calcd for C21H21ClFN4O+ 399.1383 [M + H]+, found 399.1372. 1051 

3-(4-chlorobenzyl)-6-(3-fluorobenzyl)-2-methyl-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-4(3H)-one 1052 
(DC-ClpP-05) 1053 

 1054 

To a solution of the compound S3 (2.7 g, 10.0 mmol) and acetamidine hydrochloride (1.4 g, 15.0 mmol) 1055 

in MeOH (30 mL) was added MeONa (2.8 g, 50.0 mmol), and the mixture was stirred at 80 °C. Upon 1056 

completion of the reaction, the mixture was cooled to room temperature and concentrated under reduced 1057 

pressure. The reaction mixture was diluted with DCM (50 mL), and water (30 mL) was added, the aqueous 1058 
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layer was extracted with DCM (3 × 20 mL). The combined organic layers were dried over Na2SO4, filtered 1059 

and concentrated under reduced pressure. The resulting residue was used for the next step without further 1060 

purification. 1061 

A mixture of S7 from the above step, 1-(bromomethyl)-4-chlorobenzene (2.7 g, 13.0 mmol), Cs2CO3 (4.2 1062 

g, 13.0 mmol) in THF (30 mL) was stirred at 80 °C until the starting material was consumed. The reaction 1063 

was quenched with water and the organic layer was separated, dried over Na2SO4 and concentrated under 1064 

reduced pressure. The residue was purified by silica gel chromatography (PE: EA = 3/1 to 1/1) to afford 1065 

intermediate S8 as a yellow solid (1.3 g, 34% yield over two steps).  1066 

To a solution of the compound S8 (1.3 g, 3.4 mmol) in DCM (15 mL) was added HCl (17 mL, 2.0 mol/L 1067 

in EA) and the mixture was stirred at room temperature. After completion of the reaction, the solvent was 1068 

removed in vacuo to afford intermediate S9. Then, a mixture of S9 and DIPEA (1.8 mL, 10.2 mmol), 1-1069 

(bromomethyl)-3-fluorobenzene (1.0 g, 5.1 mmol) in MeCN (20 mL) was stirred overnight at room 1070 

temperature until the starting material was consumed. Upon completion of the reaction, the mixture was 1071 

diluted with H2O (20 mL) and extracted with EA (3 × 30 mL). The combined organic layers were washed 1072 

with brine, dried over Na2SO4, and concentrated. The residue was purified by silica gel chromatography 1073 

(PE: EA = 3/1 to 1/1) to afford the final compound DC-ClpP-05 as a white solid (0.9 g, 64% yield over 1074 

two steps). 1H NMR (600 MHz, CDCl3) δ 7.36 – 7.29 (m, 3H), 7.19 – 7.10 (m, 4H), 6.98 (td, J = 8.4, 2.6 1075 

Hz, 1H), 5.24 (s, 2H), 3.74 (s, 2H), 3.50 (s, 2H), 2.78 – 2.72 (m, 4H), 2.44 (s, 3H). 13C NMR (151 MHz, 1076 

CDCl3) δ 163.02 (d, J = 245.7 Hz), 161.04, 157.56, 156.33, 140.66 (d, J = 7.2 Hz), 133.95, 133.74, 129.83 1077 

(d, J = 8.2 Hz), 129.14, 128.23, 124.57, 117.59, 115.76 (d, J = 21.4 Hz), 114.22 (d, J = 21.2 Hz), 61.96, 1078 

49.95, 49.28, 46.47, 31.66, 22.91. 19F NMR (471 MHz, CDCl3) δ -113.51. HRMS (ESI) calcd for 1079 

C22H22ClFN3O+ 398.1430 [M + H]+, found 398.1420. 1080 

4.7 Measurement of ClpP agonistic activity  1081 

4.7.1 Protein Preparation for In Vitro Enzyme Assay 1082 

ClpP protein was prepared using a protocol adapted from Ishizawa et al.62. ClpP sequence 57−277 1083 

with an N-terminal SUMO tag was cloned and transformed in Escherichia coli. The bacteria were cultured 1084 

with LB medium in the presence of 50 μg/mL ampicillin at 37 °C. The bacteria were harvested after 1085 

treatment with 0.5 mM isopropyl β D-1 thiogalactopyranoside for 4 h and sequentially lysed in buffer (25 1086 

mM Tris-HCl pH 7.5, 0.5 M NaCl, 5 mM β-mercaptoethanol, 10 mM imidazole, 10% glycerol, 1% Triton 1087 

X-100) by sonication. The pellet was removed by centrifugation, the supernatant was combined with Ni 1088 

sepharose 6 Fast Flow for 2 h, and then purified using a gravity column, first with washing buffer (25 mM 1089 

Tris-HCl pH 7.5, 0.5 M NaCl, 5 mM β-mercaptoethanol, 10 mM imidazole, 10% glycerol) for the first 1090 
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impurity protein elution and finally with 400 mM imidazole for the protein of interest. The eluted protein 1091 

was dialyzed against 4 L of dialysate solution (25 mM Tris-HCl pH 7.5, 0.5 M NaCl, 5 mM β-1092 

mercaptoethanol, 10% glycerol) for 6 h. Subsequently, the His-Sumo tag fused to ClpP was cleaved via 1093 

overnight incubation with Ulp1 protease at 16 °C. Protein concentration was determined using the BCA 1094 

method, and the purified protein was finally preserved at −80 °C in storage buffer supplemented with 50% 1095 

glycerol.  1096 

4.7.2 In Vitro Enzyme Assay 1097 

The fluorogenic ClpP assay was adapted from Ishizawa et al.62.  ClpP and Ac-WLA-AMC were diluted 1098 

in assay buffer (50 mM Tris-HCl, pH 8, 10 mM MgCl2, 100 mM KCl, 1 mM DTT, 5% glycerol and 0.02% 1099 

Triton X-100) so that their final concentrations in the completed 25 μL reaction were 0.07 μM and 100 μM, 1100 

respectively. Compound stocks (10 mM) were serially diluted fivefold in DMSO to prepare seven 1101 

concentrations and then diluted 100-fold in ddH2O. Each well of a black 384-well plate received 10 μL of 1102 

ClpP solution and 5 μL of compound (final concentration 20 μM, 4 μM, 0.8 μM, 0.16 μM, 32 nM, 6.4 nM, 1103 

1.28 nM) solution. Vehicle-control wells contained 10 μL of ClpP solution, 10 μL of substrate solution and 1104 

5 μL of 1% DMSO; blank wells contained 10 μL of assay buffer, 10 μL of substrate solution and 5 μL of 1105 

1% DMSO. The final DMSO concentration was 0.2%. After a 10-min incubation at room temperature, 10 1106 

μL of Ac-WLA-AMC solution was added to the compound-treated wells, giving a total reaction volume of 1107 

25 μL. Initial fluorescence was measured using a microplate reader with excitation at 355 nm and emission 1108 

at 460 nm (PerkinElmer, EnVision® 2105 Multimode Plate). The plate was then sealed and incubated at 1109 

37 °C for 6 h before fluorescence was measured again. Fold activation was calculated using the expression 1110 

below, and EC50 values were obtained by fitting a variable-slope four-parameter concentration-response 1111 

model in GraphPad Prism 8.3.0. Data are mean ± s.d. from four technical replicates. 1112 

Fold	increase =
�7FI=,5ideijf* − FI%,5ideijf*8 − 7MFI=,`^_fk −MFI%,`^_fk8�/ℎ
�7MFI=,OlmQ −MFI%,OlmQ8 − 7MFI=,`^_fk −MFI%,`^_fk8�/ℎ

(20) 1113 

Data Availability 1114 

The datasets used in this study are available via Zenodo at https://zenodo.org/records/22116036. 1115 
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The source code of this study is provided at https://github.com/HShokaku/LeadFlow. 1117 
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Supplementary Results 

 

Supplementary Fig. 1 | Evaluation results of basic molecular properties. Metrics include validity, QED, 
SA score, uniqueness, diversity, and motif distributions (atom types, ring types, functional groups) with 
reference actives. Values represent the mean from three sampling runs with different seeds. All metrics are 
normalized to a 0–1 scale, where higher values indicate better performance. 

 



 

 

 

Supplementary Fig. 2 | Proportion of directly generated poses whose interaction scores exceed the 
25th, 50th, and 75th percentiles of the reference active distribution. Data are presented as mean ± s.d. 
(n = 3 sampling runs with different seeds from fixed trained checkpoints) 
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Supplementary Fig. 3 | Recovery performance stratified by the MolGenBench seen/unseen protein 
subsets. a, b. BMScaffold-level Hit Recovery counts on the seen (a) and unseen (b) protein subsets of 
MolGenBench. c, d. SMILES-level Hit Recovery counts on the seen (c) and unseen (d) protein subsets of 
MolGenBench; data are presented as mean values ± s.d. e, f. Recovery performance on the seen subset (n 
= 425 series) summarized as Hit Rate (e) and Hit Fraction (f), reported separately for BMScaffold and exact 
SMILES recovery. g, h. Corresponding Hit Rate (g) and Hit Fraction (h) results on the unseen subset (n = 
175 series). Points show means across series after averaging three sampling runs; error bars indicate series-
level 95% CIs calculated using Student’s t-distribution. The subsets denote CrossDocked training exposure. 
All benchmark test targets were excluded from LeadFlow training by UniProt ID. 

 

 



 

 

 



 

 

Supplementary Fig. 4 | Representative R-group fragments stratified by recovered atom count for 
LeadFlow. The number at the start of each row indicates how many more heavy atoms the molecule has 
than the scaffold. Atoms marked with * are the attachment points to the scaffold; a red “C” indicates the 
group is fused to the scaffold, with the red “C” being the shared atom of the fused ring. Multiple 
disconnected fragments in one cell mean the molecule has different groups attached at multiple positions 
of the scaffold simultaneously. 

 

 

Supplementary Fig. 5 | Representative examples of experimentally active molecules recovered by 
LeadFlow through fused-ring elaboration.  



 

 

 

Supplementary Fig. 6 | Distribution of correlations between docking scores and experimentally 
measured activities within each chemical series. Docking scores were obtained using Glide and sign-
inverted so that larger values indicate more favorable predicted binding. Experimental activities were 
converted to pActivity values, such as pIC50, so that larger values indicate higher potency. Red vertical lines 
indicate the median values. 

 

Supplementary Fig. 7 | Correctness of docking score-based reassignment of experimentally defined 
DPO pairs. a. The fraction of non-tied pairs for which docking-score-based labels agreed or disagreed with 
the experimental activity labels; seven tied pairs were excluded from this comparison. b. Chemical series 
level distribution of docking-based wrong rates, stratified by the number of pairs per series. The red 
horizontal line indicates the median per-series wrong rate. 
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Supplementary Fig. 8 | High-activity reference SMILES recovery across models at varying activity 
thresholds. The threshold is the normalized activity (per-series min-max scaled, 1.0 is the strongest 
reference active in that series). Lines indicate the mean over three independent rounds; shaded bands 
represent ± standard deviation. 

 

Supplementary Table 1. Comparison of molecular quality between LeadFlow and LeadFlow-

DPO generations on the MolGenBench test set. 

Model PB-Valid QED SA Uniqueness Diversity 

LeadFlow 77.57% 0.540 0.773 0.844 0.570 

LeadFlow-DPO 78.16% 0.546 0.773 0.816 0.562 

 



 

 

 

Supplementary Fig. 9 | Comparison of binding poses of the active molecule recovered by LeadFlow-
DPO in the IRAK4 binding site. The green pose represents the conformation directly generated by 
LeadFlow-DPO, and the magenta pose represents the conformation obtained after redocking. 



 

 

 

Supplementary Fig. 10 | Overview of the homologous series dataset. a. Distribution of the number of 

molecules per chemical series. b. Element composition across all ligand atoms in the dataset. c. Distribution 

of the total heavy-atom count per molecule (orange), decomposed into the MCS-derived scaffold portion 

(green) and the remaining atoms to be generated by the model (blue). Dashed vertical lines indicate the 

mean of each distribution. d. Distribution of pActivity values stratified by assay type, including IC50, Ki, 

Kd, and EC50, 
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Supplementary Table 2. Compounds by varying substituents from Chen et al.1 
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Supplementary Table 3. SMARTS patterns used for HBA functional group matching. 

Functional Group SMARTS 

Carbonyl [CX3](=[OX1]) 

Alkoxy/ether [OX2H0][#6] 

Phenol [OX2H] 

Tertiary amine [NX3;+0;H0;!$([NX3]-[C,S]=[O,S,N])] 

Nitrile [CX2]#[NX1] 

Sulfonyl [SX4](=[OX1])(=[OX1]) 

Sulfoxide [SX3](=[OX1]) 

Supplementary Table 4. SAR compliance of molecules generated by LeadFlow and LeadFlow-

DPO for IRAK4 inhibitors. 

Model meta-HBA para-HBA meta-carbonyl  
meta-tertiary 

amine 

Total valid 

molecules 

generated 

LeadFlow 476 63 322 14 591 

LeadFlow-DPO 509 28 374 9 596 

 
  



 

 

Implementation Details 

Training and Inference 

For LeadFlow pre-training, we use Adam optimizer with a learning rate of 5e-4 and a batch size of 6 on 

eight NVIDIA H800 80GB GPUs. We set 𝛽! = 1.5 for discrete atom types and bond types, 𝜎! = 0.03 for 

atom coordinates. The model converged in approximately 350 epochs.  

For LeadFlow-DPO, we fine-tuned the pretrained LeadFlow model using Adam optimizer with a learning 

rate of 1e-6 and a batch size of 3. The hyperparameter 𝛽 in the DPO loss below was set to 5. Fine-tuning 

was performed for one epoch. All other settings followed the pretraining configuration. 

ℒ"#$%&'((𝜙) = −𝔼 /log 𝜎 3𝛽 log
𝑝)(𝐲!:+, 	|	𝜽-:+%!, )
𝑝./0(𝐲!:+, 	|	𝜽-:+%!, ) − 𝛽 log

𝑝)9𝐲!:+1 	|	𝜽-:+%!1 :
𝑝./09𝐲!:+1 	|	𝜽-:+%!1 :

;< 

For inference, we use the exponential moving average of the weights from training or fine-tuning that is 

updated at every optimization step with a decay factor of 0.999. We run inference with 100 sampling steps. 

Hyperparameters for Network 

We set the network to be kNN graphs with 𝑘 = 32, 𝑁 = 9 layers with 𝑑 = 128 hidden dimension, and 16-

headed attention. 

Featurization 

We used separate atom-level and edge-level featurization schemes for protein–ligand complexes. Protein 

atoms were represented by element type, amino acid type, and a backbone flag. Ligand atoms were 

represented using a one-hot encoding over predefined element–aromaticity combinations, such that 

aromaticity was incorporated directly into the ligand atom-type vocabulary (Supplementary Table 5).  

For edge-level featurization, the heterogeneous protein–ligand graph used edge-type indicators to 

distinguish ligand–ligand, protein–protein, ligand–protein, and protein–ligand edges, while ligand bonds 

were encoded by bond type after RDKit kekulization of aromatic bonds (Supplementary Table 6).  

After these initial features were embedded, we appended a 3-dimensional node-type indicator to distinguish 

protein atoms, preserved scaffold atoms, and generated ligand atoms. 

  



 

 

Supplementary Table 5. Atom-level featurization for protein–ligand complexes 

Node type Feature category Description 

Protein atom Element type One-hot encoding over H, C, N, O, S, Se 

Protein atom Amino acid type 20-dimensional one-hot encoding of residue identity 

Protein atom Backbone flag 
Binary indicator of whether the atom belongs to the protein 

backbone 

Ligand atom Atom type 

One-hot encoding over predefined element–aromaticity 

pairs: Si; C (non-aromatic/aromatic); O (non-

aromatic/aromatic); N (non-aromatic/aromatic); F; S (non-

aromatic/aromatic); Cl; Br; I; P (non-aromatic/aromatic); 

and B 

 

Supplementary Table 6. Edge-level featurization for heterogeneous protein–ligand graphs 

Graph Edge feature Description 

Heterogeneous 

protein-ligand graph 
Edge type 

4-dimensional one-hot encoding indicating ligand–

ligand, protein–protein, ligand–protein, or protein–

ligand edge type 

Ligand graph Bond type 
4-dimensional one-hot encoding over non-bond, 

single, double, and triple bonds 

 

  



 

 

Architecture of SE(3)-Graph Transformer 

We employ the equivariant Graph Transformer architecture similar to Guan et al.2 Denote node positions 

as 𝐫 ∈ ℝ2×4, one-hot atom types as 𝐡 ∈ ℝ2×5!  , and one-hot bond types as 𝐀 ∈ ℝ2×(2%!)×5", where 𝐾8  

and 𝐾9  are the numbers of atom and bond types, respectively. We describe the model architecture below. 

Heterogeneous Message Passing for Node Update 

The heterogeneous update for node representation consists of two parts: (1) a K-nearest neighbors graph 

𝒢5 built for interactions within the protein-ligand complex, and (2) a fully connected ligand graph 𝒢:  over 

ligand atoms to capture intra-ligand pairwise interactions. 

For the complex graph 𝒢5, the node message is computed as 

Δ𝐡5,< ← L 𝜙8#9𝑿=>
5 , 𝑿?5:

@∈𝒩#(<)

, 

where 

𝑿=>5 = concat9𝐡< , 𝐡@ , 𝐞<@5 :, 𝑿?5 = 𝐡< . 

Here, 

𝐞<@5 = 	concat T𝐡<@
/CD/⊗𝜎9𝐝<@:, 𝐡<@

/CD/W, 

𝐝<@ = X𝐫< − 𝐫@X  is the pairwise atom distance,	𝜎(·)  is the Gaussian smearing function applied to the 

pairwise distance, and 𝐡<@
/CD/ is the one-hot encoding for edge types between protein-ligand atoms (protein-

protein, protein-ligand, ligand-protein or ligand-ligand). 

For the ligand graph 𝒢:, the node message is computed as 

Δ𝐡:,< ← L 𝜙8$9𝑿=>
: , 𝑿?::

@∈𝒩$(<)

, 

with 

𝑿=>: = concat9𝐡< , 𝐡@ , 𝐡<@EFGC:, 𝑿?: = 𝐡< . 



 

 

where 𝐡<@EFGC denotes the current bond hidden representation on the ligand graph edge. 

The node-level representation is updated by aggregating the heterogeneous messages: 

𝐡< ← 𝐡< +𝑾89Δ𝐡5,< + Δ𝐡:,<:. 

Intra-Ligand Message Passing for Bond Update 

The bond representation is updated by a directional message passing: 

𝐡@<EFGC ← L 𝜙H9𝑿=>H , 𝑿?H:
=∈𝒩$(@)\{<}

, 

where 

𝑿=>H = concat9𝐡=@EFGC, 𝜎(𝐝=@), 𝜎(𝐝@<), 𝐚=@< , 𝐡= , 𝐡@:, 𝑿?H = concat9𝐡@<EFGC, 𝐡<:. 

Here, 𝐚 is the angular encoding for the bond triplets (𝑘, 𝑗, 𝑖). 

Heterogeneous Message Passing for Position Updates 

Similarly, the positions are updated from heterogeneous messages: 

Δ𝐫5,< ← L 9𝐫< − 𝐫@:	𝜙L#9𝑿=>
5 , 𝑿?5:

@∈𝒩#(<)

, 

Δ𝐫:,< ← L 9𝐫< − 𝐫@:	𝜙L$9𝑿=>
: , 𝑿?::

@∈𝒩$(<)

, 

given the updated node features 𝐡<  and bond features 𝐡<@EFGC  for input feature 𝑿. The final position is 

updated by 

𝐫< ← 𝐫< + 9Δ𝐫5,< + Δ𝐫:,<: · 𝟏MFC 

where 𝟏MFC is the Boolean mask for the atoms of modification, as the protein atoms and scaffold atoms 

remain fixed. 

Attention Mechanism 



 

 

The function 𝜙 is implemented as a multi-headed attention mechanism. For each branch, the query, key, 

and value are obtained from the corresponding input features: 

𝐐 = 𝜓?9𝑿?:, 𝐊 = 𝜓=(𝑿=>), 𝐕 = 𝜓>(𝑿=>). 

where 𝜓?, 𝜓=, and 𝜓> are learnable projections implemented as multilayer perceptrons. 

The attention scores are computed by scaled dot-product attention: 

𝜶<@ = softmax 3
𝐪<𝐤@
k𝑑8

;, 

where 𝑑8 is the head dimension. The output of 𝜙 is the attention-weighted message: 

𝜙(𝑿=> , 𝑿?) = 𝜶<@𝐯@ . 

 

  



 

 

ClpP activator candidates 

Supplementary Table 7. Computational evaluation of 50 selected ClpP activator candidates 

 
Original 
Output 

ID 
Structure Synthesized 

Compound ID SMILES SA 
score 

Docking score 
(kcal/mol) RMSD (Å) 

mol_1 

 

DC-ClpP-01 Nc1nc2c(c(=O)n1Cc1ccc(C(F)(F)F)cc1)CN(Cc1ccccc1)CC2 2.373 -10.43 0.202 

mol_200 

 

DC-ClpP-02 Nc1nc2c(c(=O)n1Cc1ccc(C(F)(F)F)cc1)CN(Cc1ccc(F)cc1)CC2 2.439 -10.44 0.515 

mol_44 

 

DC-ClpP-03 Nc1nc2c(c(=O)n1Cc1ccc(C(F)(F)F)cc1)CN(Cc1cccc(F)c1)CC2 2.480 -11.00 0.220 

mol_407 

 

DC-ClpP-04 Nc1nc2c(c(=O)n1Cc1ccc(Cl)cc1)CN(Cc1ccc(F)cc1)CC2 2.297 -9.99 0.152 

mol_960 

 

DC-ClpP-05 Cc1nc2c(c(=O)n1Cc1ccc(Cl)cc1)CN(Cc1cccc(F)c1)CC2 2.243 -10.40 0.169 

mol_1881 

 

 O=c1c2c(nc(CN3CCCC3)n1Cc1ccc(C(
F)(F)F)cc1)CCN(Cc1ccccc1)C2 2.444 -11.04 0.230 

mol_2094 

 

 CN(C)CCCc1nc2c(c(=O)n1Cc1ccc(C(
F)(F)F)cc1)CN(Cc1ccccc1)CC2 2.493 -10.99 0.465 



 

 

Original 
Output 

ID 
Structure Synthesized 

Compound ID SMILES SA 
score 

Docking score 
(kcal/mol) RMSD (Å) 

mol_1546 

 

 O=c1c2c(ncn1Cc1ccc(C(F)(F)F)cc1)C
CN(Cc1ccc(O)cc1)C2 2.401 -10.98 0.245 

mol_211 

 

 CNCc1nc2c(c(=O)n1Cc1ccc(C(F)(F)C(
F)F)cc1)CN(Cc1ccccc1)CC2 2.750 -10.96 0.325 

mol_2817 

 

 N#Cc1ccc(Cn2c(N)nc3c(c2=O)CN(Cc2
ccc(O)cc2)CC3)cc1 2.479 -10.93 0.143 

mol_1745 

 

 O=c1c2c(nc(CNC3COC3)n1Cc1ccc(C(
F)(F)F)cc1)CCN(Cc1ccccc1)C2 2.630 -10.84 0.381 

mol_591 

 

 N#CCNCc1nc2c(c(=O)n1Cc1ccc(C(F)(
F)F)cc1)CN(Cc1ccccc1)CC2 2.633 -10.78 0.206 

mol_2892 

 

 CN1CCC[C@H](NC(=O)Cc2nc3c(c(=O
)n2Cc2ccccc2)CN(Cc2ccccc2)CC3)C1 2.944 -10.78 0.165 

mol_1078 

 

 O=c1c2c(ncn1Cc1ccc(C(F)(F)F)c(F)c1
)CCN(Cc1ccccc1)C2 2.445 -10.73 0.222 

mol_469 

 

 Cc1nc2c(c(=O)n1Cc1ccc(C(F)(F)F)cc1
)CN(Cc1ccc(CO)cc1)CC2 2.417 -10.72 0.369 



 

 

Original 
Output 

ID 
Structure Synthesized 

Compound ID SMILES SA 
score 

Docking score 
(kcal/mol) RMSD (Å) 

mol_486 

 

 Cc1ccc(CN2CCc3nc(N)n(Cc4ccc(C(F)(
F)F)c(F)c4)c(=O)c3C2)cc1 2.583 -10.71 0.269 

mol_3118 

 

 O=c1c2c(nc(CO)n1Cc1ccc(C(F)(F)F)c(
F)c1)CCN(Cc1ccccc1)C2 2.547 -10.66 0.186 

mol_1870 

 

 Cc1ccc(CN2CCc3nc(CN4CCCC4)n(Cc
4ccc(C(F)(F)F)cc4)c(=O)c3C2)cc1 2.495 -10.65 0.276 

mol_763 

 

 N#Cc1ccc(Cn2cnc3c(c2=O)CN(Cc2cc
c(O)cc2)CC3)cc1 2.388 -10.65 0.179 

mol_1999 

 

 Cc1nc2c(c(=O)n1Cc1cc(F)c(C(F)(F)F)
c(F)c1)CN(Cc1ccccc1)CC2 2.602 -10.64 0.197 

mol_961 

 

 CCc1ccc(CN2CCc3nc(N)n(Cc4ccc(C(
F)(F)F)cc4)c(=O)c3C2)cc1 2.461 -10.62 0.392 

mol_1725 

 

 Cc1nc2c(c(=O)n1Cc1ccc(C(F)(F)F)c(F
)c1)CN(Cc1ccc(F)cc1)CC2 2.510 -10.60 0.504 

mol_2179 

 

 
CC(C)C(=O)N1CC[C@H](NCc2nc3c(c
(=O)n2Cc2ccccc2)CN(Cc2ccccc2)CC3
)C1 

2.999 -10.60 0.159 



 

 

Original 
Output 

ID 
Structure Synthesized 

Compound ID SMILES SA 
score 

Docking score 
(kcal/mol) RMSD (Å) 

mol_1566 

 

 COc1ccc(Cn2cnc3c(c2=O)CN(Cc2ccc(
O)cc2)CC3)cc1 2.247 -10.59 0.279 

mol_428 

 

 O=c1c2c(ncn1Cc1ccc(C(F)(F)F)c(F)c1
)CCN(Cc1ccc(F)cc1)C2 2.510 -10.59 0.509 

mol_2608 

 

 O=c1c2c(nc(CCCCN3CCC3)n1Cc1ccc
([N+](=O)[O-])cc1)CCN(Cc1ccccc1)C2 2.486 -10.57 0.438 

mol_1220 

 

 COc1cc(Cn2cnc3c(c2=O)CN(Cc2cccc
c2)CC3)ccc1C(F)(F)F 2.438 -10.57 0.471 

mol_574 

 

 O=CNCc1nc2c(c(=O)n1Cc1ccc(C(F)(F
)F)cc1)CN(Cc1ccccc1)CC2 2.591 -10.56 0.200 

mol_229 

 

 Cc1ccc(CN2CCc3nc(N)n(Cc4ccc(C(F)(
F)F)cc4)c(=O)c3C2)cc1 2.424 -10.56 0.391 

mol_1054 

 

 COCCNc1nc2c(c(=O)n1Cc1ccc(C(F)(F
)F)cc1)CN(Cc1ccccc1)CC2 2.511 -10.53 0.220 

mol_1801 

 

 CCc1ccc(CN2CCc3nc(CN(C)C)n(Cc4c
cc(C(F)(F)F)cc4)c(=O)c3C2)cc1 2.538 -10.52 0.374 



 

 

Original 
Output 

ID 
Structure Synthesized 

Compound ID SMILES SA 
score 

Docking score 
(kcal/mol) RMSD (Å) 

mol_2103 

 

 O=c1c2c(nc(CO)n1Cc1ccc(C(F)(F)F)c
c1)CCN(Cc1ccccc1)C2 2.389 -10.50 0.203 

mol_2183 

 

 CC(=O)NCc1nc2c(c(=O)n1Cc1ccc(C(F
)(F)F)cc1)CN(Cc1ccc(C)cc1)CC2 2.499 -10.46 0.471 

mol_2447 

 

 Cc1ccc(CN2CCc3ncn(Cc4ccc(C(F)(F)
F)c(F)c4)c(=O)c3C2)cc1 2.495 -10.43 0.256 

mol_171 

 

 CCc1ccc(CN2CCc3nc(N)n(Cc4ccc(Cl)
c(F)c4)c(=O)c3C2)cc1 2.462 -10.41 0.325 

mol_2384 

 

 CCc1ccc(CN2CCc3ncn(Cc4ccc(C(F)(F
)F)cc4)c(=O)c3C2)cc1 2.371 -10.40 0.370 

mol_655 

 

 COc1ccc(Cn2c(C)nc3c(c2=O)CN(Cc2c
cccc2)CC3)cc1C(F)(F)F 2.420 -10.39 0.172 

mol_1626 

 

 Cc1nc2c(c(=O)n1Cc1ccc(C3CC3)cc1)
CN(Cc1ccccc1)CC2 2.242 -10.38 0.148 

mol_881 

 

 CCc1ccc(CN2CCc3nc(C)n(Cc4ccc(C(
F)(F)F)cc4)c(=O)c3C2)cc1 2.374 -10.38 0.426 



 

 

Original 
Output 

ID 
Structure Synthesized 

Compound ID SMILES SA 
score 

Docking score 
(kcal/mol) RMSD (Å) 

mol_2601 

 

 N#Cc1ccc(Cn2c(N)nc3c(c2=O)CN(Cc2
ccc(F)cc2)CC3)cc1 2.424 -10.32 0.137 

mol_1525 

 

 Cc1nc2c(c(=O)n1[C@H](C)c1ccc(C(F)
(F)F)cc1)CN(Cc1ccccc1)CC2 2.877 -10.30 0.385 

mol_1787 

 

 O=c1c2c(ncn1/C(=C\CCN1CCNCC1)c
1ccccc1)CCN(Cc1ccccc1)C2 2.873 -10.29 0.210 

mol_543 

 

 Nc1nc2c(c(=O)n1Cc1ccc(C(F)(F)F)cc1
)CN(Cc1ccc(Cl)cc1)CC2 2.435 -10.27 0.411 

mol_588 

 

 C=C(c1ccc(C(F)(F)C(F)F)cc1)n1c(C)n
c2c(c1=O)CN(Cc1ccccc1)CC2 2.971 -10.20 0.176 

mol_1043 

 

 Nc1nc2c(c(=O)n1Cc1ccccc1F)CN(Cc1
ccccc1)CC2 2.286 -10.13 0.075 

mol_1659 

 

 CC(C)N1CCN(CCc2nc3c(c(=O)n2Cc2
ccccc2)CN(Cc2ccccc2)CC3)CC1 2.455 -10.07 0.203 

mol_1328 

 

 CCc1ccc(CN2CCc3nc(N)n(Cc4cccc(F)
c4)c(=O)c3C2)cc1 2.366 -10.06 0.339 



 

 

Original 
Output 

ID 
Structure Synthesized 

Compound ID SMILES SA 
score 

Docking score 
(kcal/mol) RMSD (Å) 

mol_1811 

 

 Cc1ccc(CN2CCc3nc(C)n(Cc4ccc(F)c(
F)c4)c(=O)c3C2)cc1 2.308 -9.97 0.382 

mol_138 

 

 CCc1ccc(CN2CCc3nc(N)n(Cc4ccccc4)
c(=O)c3C2)cc1 2.254 -9.96 0.248 

mol_313 

 

 O=c1c2c(nc(CN3CCc4nncn4CC3)n1C
c1ccccc1)CCN(Cc1ccccc1)C2 2.675 -9.83 0.138 

 
  



 

 

1H/ 13C/ 19F NMR, HRMS spectra and HPLC spectra of compounds 

6-benzyl-3-(2-methylbenzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-4(3H)-one (A1) 

 

1H NMR of A1 

 
13C NMR of A1 
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HPLC of A1  

 
ESI-HRMS of A1 

  

CSS-668-062 #924 RT: 4.12 AV: 1 NL: 6.89E9
T: FTMS + p ESI Full ms [200.0000-800.0000]
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2-amino-6-benzyl-3-(4-(trifluoromethyl)benzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-

4(3H)-one (DC-ClpP-01) 

 
1H NMR of DC-ClpP-01 
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13C NMR of DC-ClpP-01 

 
19F NMR of DC-ClpP-01 
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HPLC of DC-ClpP-01 

 
ESI-HRMS of DC-ClpP-01 

  

HQ-aClpP-82 #959 RT: 4.28 AV: 1 NL: 8.39E9
T: FTMS + p ESI Full ms [200.0000-800.0000]

200 250 300 350 400 450 500 550 600 650 700 750 800
m/z

0

5

10

15

20

25

30

35

40

45

50

55

60

65

70

75

80

85

90

95

100

R
el

at
iv

e 
Ab

un
da

nc
e

415.1727

325.1260

296.0994

257.1388 437.1546 746.0513228.0984 641.7924 705.5270376.5160 787.6066



 

 

2-amino-6-(4-fluorobenzyl)-3-(4-(trifluoromethyl)benzyl)-5,6,7,8-tetrahydropyrido[4,3-

d]pyrimidin-4(3H)-one (DC-ClpP-02) 

 
1H NMR of DC-ClpP-02 
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13C NMR of DC-ClpP-02 

 

 
19F NMR of DC-ClpP-02 
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HPLC of DC-ClpP-02 

 

 
ESI-HRMS of DC-ClpP-02 

 
  

HQ-967 #975 RT: 4.34 AV: 1 NL: 6.83E9
T: FTMS + p ESI Full ms [200.0000-800.0000]
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2-amino-6-(3-fluorobenzyl)-3-(4-(trifluoromethyl)benzyl)-5,6,7,8-tetrahydropyrido[4,3-

d]pyrimidin-4(3H)-one (DC-ClpP-03) 

 
1H NMR of DC-ClpP-03 
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13C NMR of DC-ClpP-03 

 
19F NMR of DC-ClpP-03 
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HPLC of DC-ClpP-03 

 
ESI-HRMS of DC-ClpP-03 

HQ-968 #964 RT: 4.30 AV: 1 NL: 1.06E10
T: FTMS + p ESI Full ms [200.0000-800.0000]
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2-amino-3-(4-chlorobenzyl)-6-(4-fluorobenzyl)-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-

4(3H)-one (DC-ClpP-04) 

 
1H NMR of DC-ClpP-04 
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13C NMR of DC-ClpP-04 

 
19F NMR of DC-ClpP-04 
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HPLC of DC-ClpP-04 

 
ESI-HRMS of DC-ClpP-04 

HQ-971 #931 RT: 4.15 AV: 1 NL: 6.86E9
T: FTMS + p ESI Full ms [200.0000-800.0000]
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3-(4-chlorobenzyl)-6-(3-fluorobenzyl)-2-methyl-5,6,7,8-tetrahydropyrido[4,3-d]pyrimidin-

4(3H)-one (DC-ClpP-05) 

 
1H NMR of DC-ClpP-05 
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13C NMR of DC-ClpP-05 

 
19F NMR of DC-ClpP-05 
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HPLC of DC-ClpP-05 
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