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Abstract 16 

The imperfect modeling of ternary complexes has limited the application of 17 

computer-aided drug discovery tools in PROTAC research and development. In this 18 

study, a language model for PROTAC molecule design pipeline named LM-PROTAC 19 

was developed, which stands for language model-driven Proteolysis Targeting Chimera, 20 

by embedding a transformer-based generative model with dual constraints on structure 21 

and properties. This study started with the idea of segmentation and representation of 22 

molecules and protein. Firstly, a language model-driven affinity model for protein 23 

compounds to screen molecular fragments with high affinity for the target protein. 24 

Secondly, structural and physicochemical properties of these fragments were 25 

constrained during the generation process to meet specific scenario requirements. 26 

Finally, a two-round screening was performed on the preliminary generated molecules 27 

using a multidimensional property prediction model. This process identified a batch of 28 

PROTAC molecules capable of degrading disease-relevant target proteins. These 29 

molecules were subsequently validated through in vitro experiments, thus providing a 30 



complete solution for language model-driven PROTAC drug generation. Taking Wnt3a, 31 

a key tumor-related target, as a POI of degradation, the LM-PROTAC pipeline 32 

successfully generated effective PROTAC molecules. The molecular distribution 33 

experiments demonstrated the high similarity of the generated molecules to the original 34 

dataset, validating the generative model’s effectiveness in accurately defining chemical 35 

space. Molecular dynamics simulations confirmed the stable interactions between the 36 

PROTAC molecules and target proteins, while protein degradation experiments 37 

verified the efficacy of the generated PROTAC molecules in degrading target proteins. 38 

The entire LM-PROTAC pipeline is reusable and can generate degraders for other 39 

target proteins within 50 days, significantly improving the efficiency of drug discovery 40 

for undruggable targets. 41 

Key words 42 

Generative models, Artificial intelligence, Molecular generation, Targeted protein 43 
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Introduction 45 

PROTAC hijacks the activity of E3 ubiquitin ligase to ubiquitinate the POI, leading 46 

to its degradation by the 26S proteasome and mediating the degradation of the POI. 47 

This hijacking mechanism has been employed to degrade various types of disease-48 

related POIs1. Over the past two decades, there has been continuous effort to target the 49 

Ubiquitin-proteasome System (UPS) for therapeutic purposes. The approval of 50 

proteasome inhibitors by the U.S. Food and Drug Administration has demonstrated the 51 

pharmacological potential of UPS, prompting further research and expansion into 52 

manipulating this pathway for disease treatment. Unlike traditional small molecule 53 

inhibition principles, UPS can be artificially intervened through a Target based 54 

degradation strategy to selectively target and degrade specific proteins. Currently, many 55 

approaches are being developed by researchers, including protein-targeting chimeras, 56 



AdPROMs2, biological PROTAC3, molecular glues, and selective estrogen receptor 57 

downregulators4, 5. 58 

In the early development of PROTAC, the first successful case of protein 59 

degradation mediated by PROTAC was achieved using pPROTAC6. However, due to 60 

issues such as the instability and poor cell permeability of pPROTAC itself as a peptide 61 

molecule, the research focus gradually shifted towards small molecule PROTAC7-9. As 62 

a result, the study of small molecule PROTAC in the field has gained more recognition 63 

among industry researchers. AI is experiencing robust growth. Among various AI 64 

methods, generation models have gained considerable attention in recent years. In 65 

addition, NLP techniques offer new possibilities for the design of PROTAC molecules, 66 

particularly when targeting proteins that lack well-defined binding pockets. Traditional 67 

small-molecule drug design relies on the binding pockets of target proteins, while NLP 68 

techniques enable the identification of various binding sites by fragmenting molecules. 69 

This technique has the potential to facilitate the design of efficient PROTAC molecules, 70 

potentially expanding the application of PROTAC. Inspired by these successful 71 

developments, researchers are now applying generation model technology to de novo 72 

drug design, considered to be the origin of drug discovery. From this perspective, 73 

various models such as Recurrent Neural Networks, Autoencoders, Generative 74 

Adversarial Networks, Transformers, and Hybrid Models with Reinforcement Learning 75 

have demonstrated exceptional capabilities in various molecular generation tasks. 76 

Consequently, applying these de novo drug design approaches to the scenario of 77 

PROTAC drug generation has become an important application in the specialized field. 78 

Molecular and protein encoding  79 

Molecular representation is a crucial task in the molecular generation workflow. 80 

Researchers have constructed models for accurate molecular representation from 81 

multiple dimensions and perspectives, including 1D10-15, 2D16-19, 3D20-23, and images24-
82 

26, and validated them through experiments. However, most attention has been given to 83 

molecular representation methods based on atomic and bond structures, overlooking 84 



the impact of interactions between molecular structural fragments on molecular 85 

properties. Therefore, from the perspective of a language model, molecules are divided 86 

into combinations of multiple fragments, focusing on the interaction relationships 87 

among these token fragments to identify those fragments that have a significant impact 88 

on molecular properties. 89 

Molecular and protein sequences are analogous to full sentences in natural 90 

language. Initially, molecules and proteins are segmented into fragments called S-mol 91 

and S-pro, representing Segment molecular and Segment protein, respectively. This 92 

segmentation approach is inspired by the concept of “Segment” in NLP, simplifying 93 

complex molecular and protein sequences into relatively complete functional fragments. 94 

Subsequently, S-mol and S-pro are further divided into smaller units called T-mol and 95 

T-pro, derived from Token molecular and Token protein. 96 

Structure constraint 97 

Molecules are composed of S-mol, and S-mol represent the fundamental chemical 98 

structures that exhibit various properties of the molecule. Research on molecular S-mols 99 

allows for the understanding of interactions between internal or intermolecular local S-100 

mols. Interactions between molecules arise from the collective interactions among 101 

molecular S-mols, making high-affinity S-mol a crucial source of molecular affinity. 102 

Constructing a molecule based on the generation of high-affinity S-mol has the potential 103 

to yield molecules with high affinity. Similar to natural language, molecular encoding 104 

as a chemical language relies on segmentation that adheres to specific chemical logic, 105 

which is a crucial prerequisite for a deeper understanding of molecular encoding. 106 

Therefore, successful segmentation methods applied to natural language can also be 107 

applied to molecular encoding segmentation. 108 

Reinforcement learning is a target-oriented machine learning approach that takes 109 

environmental feedback as input and adapts to the environment. Its main idea is to find 110 

the optimal behavioral strategy by interacting with the environment through trial and 111 

error, mimicking the fundamental way humans or animals learn. The core principle of 112 



reinforcement learning is to learn a series of actions that guide the model to achieve its 113 

goal or maximize its objective function. If an action by the agent leads to a positive 114 

reward from the environment, i.e., a reinforced signal, the tendency of the agent’s 115 

subsequent actions will be strengthened. Otherwise, the inclination of the agent to 116 

produce such actions will weaken. This is consistent with the principles of classical 117 

conditioning in physiology. Structural constraints in molecular generation are achieved 118 

by reinforcing molecules that are generated with structures closer to the desired 119 

constrained structure through repeated rewards in reinforcement learning. 120 

Molecular structures are constrained through the application of reinforcement 121 

learning. To preserve the structural features of highly affine molecular S-mol in the 122 

generated molecules, reinforcement learning is employed by imposing constraints on 123 

the similarity between the generated molecules and target S-pro. The model rewards 124 

the agent with positive reinforcement each time a newly generated molecule is 125 

structurally closer to the target S-pro and imposes penalties when the generated 126 

molecule deviates from the target S-pro. The use of reinforcement learning avoids the 127 

low degrees of freedom approach of directly connecting target S-pros, thus preventing 128 

limitations on the model’s ability to generate entirely new molecules. A structure-129 

constrained molecular generation strategy involves restricting the output molecules to 130 

contain a specific skeleton or S-mol. Langevin et al. and Li et al. established generative 131 

models that output drug molecules with specific skeletons27, 28. These skeletons are 132 

often extracted from existing drugs with favorable biological properties. Several 133 

researchers also developed skeleton-based generative models, learning to generate 134 

molecules with specific S-mols29-32. However, structure-constrained molecular 135 

generation models often produce a large number of repetitive structures and molecules, 136 

limiting the model’s freedom by constraining the primary structure of the molecular 137 

skeleton. This results in the generation of numerous structurally similar molecules for 138 

the same drug, thereby reducing the model’s learning and generative capabilities for 139 

new drugs. Therefore, considering multiple possible high-affinity S-pros in generative 140 

models and using them as a basis for molecular generation, along with the application 141 

of reinforcement learning, enables the generated molecules to retain the structural 142 



features of the target S-pros while introducing variability based on fixed structural 143 

characteristics. This enhances the model’s ability to generate diverse molecules. 144 

Physicochemical Property Constraint 145 

Currently, a large number of drug generation models have been developed by 146 

researchers, such as VAE33-38, GF39, 40, AAE41, and others. However, during the 147 

development of these models, a significant issue has gradually emerged. Most models 148 

only focus on the biological activity of drugs to targets, with a few models considering 149 

one or a few other drug properties, such as drug concentration, solubility, etc. When a 150 

compound is gradually classified as a drug, a large number of drug properties need to 151 

be considered. These drug properties contribute differently to the compound’s 152 

drugability. In many generative models, important drug properties such as water 153 

solubility and lipid solubility are not taken into account. These crucial drug properties 154 

are often incorporated only in the subsequent screening of potential drugs, resulting in 155 

additional costs during both the generation process and the later dry and wet 156 

experiments for property screening. Therefore, it is necessary to consider some 157 

important properties as constraints during the drug generation process. 158 

There are multiple reasons why people might be interested in discovering new 159 

molecules. To integrate generative models into molecular design, it is essential to define 160 

these various applications as specific problem statements. For example, molecules that 161 

possess a particular property X, may be discovered while certain constraints Y, are met. 162 

The generated molecules are enhanced by adding property constraints, ensuring that the 163 

compounds are chemically valid and exhibit specific desirable properties, such as good 164 

solubility, low toxicity, or high potency. Since it is impractical to experimentally 165 

validate each generated compound, it becomes necessary to train a property predictor 166 

to assess compound properties, also known as a QSAR model. The property predictor 167 

is trained on a separate molecular dataset labeled with their properties (e.g., IC50/EC50 168 

for potency). When the training is completed, the property predictor is used to estimate 169 

whether the generated molecules satisfy the given constraint conditions. In this way, 170 



the generative model learns to generate compounds predicted by the property predictor 171 

to meet the constraints. This task is often considered a discrete optimization problem 172 

and can be addressed using reinforcement learning, Bayesian optimization, or genetic 173 

algorithms. In reinforcement learning, a model is trained to maximize the expected 174 

reward based on the property predictor’s output. Additionally, Bayesian optimization 175 

methods can transform discrete optimization problems into continuous optimization 176 

problems by learning continuous embeddings of molecules through methods such as 177 

training a VAE to map discrete molecules into a continuous embedding space. Another 178 

neural network is then trained to predict the chemical properties of the original 179 

molecules from their continuous embedding vectors. Bayesian optimization is then 180 

applied in the continuous embedding space to find an embedding with the best 181 

correlation property scores. This optimal embedding is decoded by a decoder network 182 

into a discrete molecule. Genetic algorithms solve discrete optimization problems by 183 

searching for favorable compounds through molecular mutations. Genetic algorithms 184 

consist of a set of mutation rules and a fitness function. The fitness function is a 185 

weighted interpolation of predicted property scores and penalty scores for long-lived 186 

molecules. Additional penalty terms encourage the model to explore a diverse set of 187 

molecules. New compounds are derived by applying mutation rules to existing 188 

molecules. In each iteration, molecules with lower fitness scores are removed. Nigam 189 

et al. applied genetic algorithms to design molecules with high logP scores, where the 190 

fitness function was parameterized as a neural network42. It is worth noting that while 191 

many studies use logP as a convenient metric for method development, it is an artificial 192 

task that cannot be directly tied to any practical application42. 193 

Molecular generation by language model 194 

Molecular generation can be viewed from the perspective of natural language 195 

processing as the generation of language sequences. The Transformer model has 196 

demonstrated state-of-the-art performance in natural language processing43, 44, and it 197 

has recently found applications in the field of drug generation. The original version of 198 



the Transformer consists of an encoder and a decoder, with a key feature being the 199 

attention mechanism that can capture long-range dependencies in sequences. Hybrid 200 

models, which combine deep generative models with reinforcement learning, have been 201 

applied to generate molecules from scratch biased towards desired properties38. The 202 

Transformer, being a sequence-based model, exhibits characteristics that are well-203 

suited for molecular representation, particularly in 1D sequence encoding similar to 204 

SMILES. The multi-head attention mechanism of Transformer, which focuses on long-205 

range dependencies, aligns with the nature of molecular sequences where distant 206 

segments produce remote correlations. Introducing the Transformer in the 207 

representation of compounds allows it to capture these distant correlations, considering 208 

the interactions between segments that are far apart in the sequence. The unified 209 

interactions among these local segments constitute the interactions between molecules. 210 

These segments, representing local information in the molecule, serve as crucial carriers 211 

of information for achieving precise molecular representation. A rational splitting logic 212 

enhances the accuracy of functional information division and improves the reliability 213 

and stability for molecular generation based on S-mol structure constraints. The C-214 

Transformer model is a conditional language generation model that originated from 215 

Salesforce’s work on targeted writing45. Hou et al. introduced the Conditional 216 

Transformer into the field of molecular generation. By incorporating a conditional 217 

Transformer model, they generated molecules that meet specified property 218 

requirements, imposing constraints on molecular properties46. 219 

Compared to generated molecules by C-Transformer, traditional approaches, such 220 

as the Rosetta method, use physical energy functions and high-resolution models for 221 

protein structure prediction and molecular design, providing high-accuracy results. This 222 

is particularly important for designing and optimizing protein-ligand interactions. 223 

Rosetta is also versatile, as it can be used not only for protein-ligand docking but also 224 

for protein design, protein structure prediction, free energy calculations, and small 225 

molecular design, among other applications. Additionally, by simulating folding and 226 

energy minimization, Rosetta can identify the most stable molecular conformations, 227 

thereby enhancing the affinity and stability of molecules. However, the computational 228 



process of Rosetta is complex and time-consuming, requiring significant computational 229 

resources and time, especially when dealing with large molecular systems. The 230 

accuracy of the predictions also depends on the quality of the input data; any 231 

inaccuracies in the input can affect the results. For large molecular systems or complex 232 

setups, the computational difficulty and time costs of Rosetta increase significantly47-
233 

49.  234 

Additionally, molecular docking methods can rapidly screen a large number of 235 

molecules to identify potential high-affinity ligands, making them suitable for initial 236 

screening50. Compared to full physical simulations, docking methods are more 237 

straightforward and faster, allowing for the processing of numerous molecules in a short 238 

time. They have been widely applied in drug discovery, demonstrating their 239 

effectiveness. However, docking methods often simplify the physical and chemical 240 

processes of the system, which may lead to insufficient predictive accuracy. 241 

Furthermore, due to the simplified models, docking results may contain a significant 242 

number of false positives that require further experimental validation. The results of 243 

docking are highly dependent on the initial conformations, which may cause some 244 

important binding modes to be overlooked51, 52. 245 

In the field of drug design, traditional molecular generation and screening methods, 246 

such as virtual enumeration and scoring methods, have become foundational tools in 247 

drug discovery. These methods help researchers identify potential drug molecules by 248 

exploring a vast number of possibilities in chemical space. However, as the complexity 249 

of drug design and the demands for precision increase, traditional methods have 250 

revealed significant limitations in terms of their ability to accurately predict molecular 251 

properties, assess synthetic feasibility, and handle the vast diversity of chemical 252 

structures. To overcome these challenges, researchers have begun to explore more 253 

intelligent and efficient molecular generation methods that leverage advanced 254 

algorithms and machine learning techniques to better address the evolving needs of 255 

modern drug discovery. 256 

Virtual enumeration is a method that generates a large number of candidate 257 

molecules by combining predefined chemical S-mol. The main advantage of this 258 



approach is its ability to systematically cover a wide chemical space, resulting in 259 

millions of candidate molecules. However, a significant drawback of virtual 260 

enumeration is that the sheer number of generated molecules is overwhelming, with 261 

most lacking ideal bioactivity. This method relies on subsequent high-throughput 262 

screening techniques to identify a few potential candidate molecules, but this process 263 

consumes substantial computational resources and may lead to inefficient screening. 264 

Additionally, virtual enumeration typically does not take into account the specific 265 

physicochemical properties of the molecules and the requirements of the target, 266 

resulting in a variable quality of generated molecules and further complicating the 267 

screening process53. 268 

Scoring is a commonly used subsequent step in virtual screening to evaluate the 269 

binding affinity and pharmacological properties of candidate molecules with target 270 

proteins. The basis of scoring methods typically lies in molecular docking models or 271 

machine learning-based predictive models, which score molecules by calculating the 272 

interaction energy between them and the target protein. The advantage of scoring 273 

methods is that they provide researchers with a quantitative standard to help them filter 274 

out molecules that may possess high bioactivity. However, the effectiveness of scoring 275 

methods is highly dependent on the initial quality of the generated molecules. If the 276 

quality of the candidate molecules is low, it is difficult to identify truly effective drug 277 

molecules, even if the scoring model is very accurate. Since the generation and scoring 278 

processes are separate steps, scoring methods often fail to fully utilize the information 279 

obtained during molecular generation, leading to the possibility that the final selected 280 

molecules are not optimal54, 55. 281 

Language model-driven molecular generation methods may rapidly produce a large 282 

number of potentially bioactive molecules, greatly improving design efficiency. These 283 

models are efficient and flexible, capable of quickly adapting to different design tasks 284 

through training data, generating diverse molecular structures and exploring new 285 

chemical spaces that traditional methods find difficult to discover. Additionally, 286 

language models can generate molecules with novel structures and potential bioactivity, 287 

providing more options and possibilities for drug discovery. However, the molecules 288 



generated by these models may lack rigorous validation of their physical and chemical 289 

foundations, necessitating further experimental verification to ensure their actual 290 

effectiveness. The performance of the models largely depends on the quality and 291 

diversity of the training data; if the training data is insufficient or of low quality, the 292 

effectiveness of the generated molecules will also be impacted. The generated 293 

molecules need further optimization and screening to yield actual high-affinity 294 

candidates, which may require combining with other methods for subsequent 295 

optimization. 296 

In this work, important functional proteins were targeted involved in disease 297 

progression. The problem was approached through the lens of language generation 298 

models, with reinforcement learning applied to constrain the structure of generated 299 

molecules. Additionally, the C-Transformer model was integrated to control the 300 

physicochemical properties of generated molecules. By combining the constraints on 301 

S-mol structure and physicochemical properties, a comprehensive solution was 302 

developed for the targeted generation of PROTAC small molecule drugs aimed at 303 

specific protease targets. The feasibility of this approach was validated by using Wnt3a, 304 

an important early-stage target in liver cancer, as a case study. 305 

Methods and materials 306 

Dataset 307 

The ZINC dataset was developed to bridge the gap between cheminformatics and 308 

biology. The ZINC database team developed a suite of ligand annotation, purchasability, 309 

target, and biology association tools, incorporated into ZINC and meant for 310 

investigators who are not computer specialists. The new version incorporates over 120 311 

million purchasable drug-like compounds. ZINC links purchasable compounds with 312 

high-value compounds such as metabolites, drugs, natural products, and annotated 313 

compounds from the literature. Compounds can be accessed based on the genes 314 

annotated to them and the primary and secondary target classes to which these genes 315 



belong. It provides new analysis tools that are user-friendly for non-experts but have 316 

almost no limitations for experts56. ZINC is freely available at the following website: 317 

http://zinc15.docking.org. 318 

BindingDB is a publicly accessible database released by the laboratory of Michael 319 

K. Gilson at the University of California, San Diego. It primarily collects non-covalent 320 

binding affinity data between drug target proteins and drug-like small molecules57. 321 

Researchers can access non-covalent binding data for relevant molecules, thereby 322 

facilitating drug development and the construction of binding prediction models. As of 323 

December 31, 2023, BindingDB’s patent dataset includes, 6,765 patents, 1,059,214 324 

binding measurements, 505,009 compounds, 2,578 target proteins, 9,728 assays. 325 

The Davis dataset is a publicly available dataset primarily used for drug discovery 326 

and chemical biology research58. It includes binding affinity data between drugs and 327 

proteins. Researchers selected 68 drug compounds and 379 protein targets, using drug-328 

protein pairs with binding affinities less than 30 units as positive samples. 329 

The Biosnap dataset is another publicly available dataset focused on bioinformatics 330 

and chemical biology research, specifically targeting the prediction of interactions 331 

between compounds and proteins. This dataset contains 13,741 compound-protein 332 

interaction pairs, involving 4,510 different drugs and 2,181 protein targets. 333 

The DUD-E database is a commonly used benchmark in structure-based virtual 334 

screening for evaluating the performance of various methods59. It includes 22,886 335 

active ligands and their affinities against 102 targets. 336 

All datasets are subjected to experiments using five-fold cross-validation. The 337 

datasets are divided into 80% training sets and 20% testing sets to ensure the stability 338 

and generalization ability of the model’s performance. This partitioning method allows 339 

for the effective utilization of the information in the datasets during model training, 340 

ensuring consistent and reliable performance across different datasets. 341 

Solutions for PROTAC small molecule drug generation models  342 



 343 

Figure 1. The main workflow of the LM-PROTAC pipeline  344 

Figure 1 depicts the main workflow of the LM-PROTAC pipeline. Initially, 345 

molecular and protein representations are obtained by segmenting molecules and 346 

proteins from the dataset, which are used to train the FOTF-CPI model60, as shown in 347 

Figure 1A. FOTF-CPI is a model designed for calculating the affinity between S-mols 348 

and S-pros. For the target protein Wnt3a, the model is employed to screen S-pro-S-mol 349 

Interaction Pairs, referred to as SSI pairs, with high affinity from the ZINC250 dataset, 350 

by calculating the global and local interaction relationships between T-mol and T-pro, 351 

as shown in Figure 1B. Figure 1C illustrates the construction of a PROTAC molecule 352 

generation model called DCT based on S-mol structure and physicochemical property 353 

constraints. This model, relying on C-Transformer and Reinforcement Learning, 354 

generates PROTAC molecules with high target affinity and specific attributes. The 355 

generated molecules meeting the requirements undergo molecular property filtering 356 

using a MDAM for further specific drug property requirements, resulting in potential 357 

candidate PROTAC compounds. Wet experiments are conducted to validate the 358 

inhibitory effects of the compounds on the target as shown in Figure 1D. 359 

Data preprocessing for compounds and proteins 360 



Data preprocessing, as shown in Figure 1A, involves the preprocessing of protein 361 

and small molecule compound data, including data filtering and molecular sequence 362 

segmentation. 363 

The preprocessing of small molecule compounds begins with the selection of 364 

compounds according to the following rules: 1) Compilation of the source dataset based 365 

on the ZINC Clean Lead database; 2) Removal of molecules containing other 366 

electronegative atoms besides carbon, nitrogen, sulfur, oxygen, fluorine, bromine, and 367 

hydrogen; 3) Selection of drug-like compounds with a molecular weight between 200 368 

and 600; 4) LogP (calculated using RDKit) ranging from -2 to 6. RDKit is used to 369 

convert small molecules into a unique representation in Canonical SMILES format. The 370 

obtained SMILES are parsed and split, and the positions containing side chains in the 371 

main chain are filled with the character ‘R’ to retain information about the side chains 372 

in the main chain. The positions where side chains are connected to the main chain are 373 

marked with "(", preserving the topological information of the side chains. The split 374 

SMILES are concatenated in the order of the main chain and side chains, forming a 375 

string-form SMILES. Subsequent steps are similar to protein splitting: the SMILES 376 

strings are segmented into S-mol using the VOLT algorithm, and a dictionary of S-mols 377 

is constructed. S-mol with a frequency count below 5 are identified, and low-frequency 378 

masking is applied to them. During the encoding process, each SMILES is treated as a 379 

sentence, and each small S-mol is considered a word in this sentence. All small molecule 380 

SMILES are sequentially encoded, and after pretraining with Transformer, embeddings 381 

for each S-mol are obtained. 382 

The preprocessing of protein involves concatenating the amino acid residue 383 

sequence according to the subunit order, thereby forming a complete amino acid residue 384 

sequence in that order. The residue sequence is segmented into S-pro using the VOLT 385 

algorithm, and a dictionary of S-pros is constructed. S-pros with a frequency count 386 

below 5 are identified as low-frequency S-mols. During encoding, these S-mols are all 387 

represented by the same S-mol, a method called low-frequency masking. During the 388 

encoding process, the encoding is performed according to the appearance order of S-389 

pro in the dictionary. Here, each protein is treated as a sentence, and each S-pro is 390 



considered a word in this sentence. All proteins are sequentially encoded, and then 391 

processed through Transformer to obtain embeddings for each S-pro. 392 

Segmentation of molecular and proteins 393 

The VOLT algorithm is employed in this work to seg proteins and molecules. 394 

VOLT is a vocabulary learning method based on Optimal Transport theory. The 395 

purpose of VOLT is to determine suitable vocabulary segmentation for specific tasks 396 

by leveraging optimal transport techniques, thereby enhancing the model’s ability to 397 

represent and understand vocabulary in NLP. The algorithmic process is outlined as 398 

follows: 399 

Step 1, VOLT ranks all candidate S-mols based on the pre-generated S-mol 400 

frequencies. For simplicity, VOLT typically employs S-mols generated by BPE, such 401 

as BPE-100k, as candidates. 402 

Step 2, All S-mols with probabilities are used to initialize the optimal transport 403 

algorithm. At each time step, the vocabulary with maximum entropy can be obtained 404 

based on the transport matrix. Due to the relaxation strategy included in the optimal 405 

transport algorithm, situations of non-compliant transport may arise. Therefore, VOLT 406 

removes S-mols with distribution frequencies less than 0.001. 407 

Step 3, Exhaustively explore all time steps, selecting the vocabulary that satisfies 408 

the specified exponentiated search space as the final vocabulary. 409 

Step 4, Use a greedy strategy similar to BPE to encode the text. Segment the 410 

sentence into character-level S-mols. If the merged S-mol is present in the vocabulary, 411 

combine two consecutive S-mols into one S-mol until no further merging is possible. S-412 

mols outside the vocabulary will be segmented into smaller S-mols. If the S-mols 413 

“CC(=O)NC” and “CC1=CN” are two adjacent S-mols, and both are in the vocabulary, 414 

the sequence formed by concatenating them will be combined into a new S-mol, namely, 415 

“CC(=O)NC CC1=CN”. 416 

In order to ensure the acquisition of reasonable S-mol and to avoid including 417 

extremely small or excessively long S-mol in the S-mol library, further screening of 418 



SMILES S-mol was conducted based on the Chembridge approach. Supplementary 419 

Table S1 outlines the criteria used for filtering the S-mols from the Chembridge 420 

Fragment Database during the construction of the S-mol library; S-mols meeting these 421 

criteria were included in the library. Following the standards of the Chembridge 422 

Fragment Database, this experiment eliminated meaningless S-mols and optimized the 423 

S-mol library to prevent the generation of invalid molecules caused by ineffective S-424 

mols. 425 

Screening for high SSI pairs 426 

Extracting information from the protein-compound affinity library, the data is 427 

paired based on the embeddings obtained for S-pros and S-mol in the previous step, 428 

generating pairs composed of S-pro and S-mol. In the design of PROTAC molecules, 429 

NLP technology aids in identifying key binding sites through the segmentation analysis 430 

of target proteins and S-mols. Similar to word analysis in natural language, NLP 431 

processes these S-mol and generates efficient PROTAC molecules based on their 432 

interaction relationships. This approach reduces dependency on clearly defined binding 433 

pockets and expands the range of potential targets. The overall interaction between 434 

proteins and small molecule compounds is used to obtain local interactions, specifically 435 

the affinity between S-pro and S-mol. The affinity values from the protein-compound 436 

affinity library are used to train the FOTF-CPI prediction model.  437 

 438 

Figure 2. Mechanism of screening high SSI pairs 439 



Step 1 fragment-based sequence encoding and optimization, the residual sequences 440 

of proteins are segmented into S-pros using the VOLT algorithm, as shown in Figure 441 

2A. The SMILES sequences of small molecule compounds are parsed and cut, and the 442 

cut SMILES sequences are concatenated in the order of main chain and side chain to 443 

form a string representation of SMILES. The protein sequence string is segmented into 444 

S-mol using the VOLT algorithm. The preprocessed sequences of small molecule 445 

compounds and protein sequences are randomly initialized as representations of small 446 

molecule compounds and proteins, respectively, based on S-mol. Similar to NLP 447 

methods, both the sequences of small molecule compounds and protein sequences are 448 

treated as complete sentences, with each S-mol considered as a word in the sentence. 449 

The representations of small molecule compounds and proteins, encoded in order based 450 

on fragments, are obtained separately after passing through an encoder. The entire 451 

network is continuously optimized based on the prediction results and real labels, using 452 

a combination of binary cross-entropy loss functions. The specific loss function is 453 

shown in the formula below: 454 

𝑙𝑜𝑠𝑠 =  − 1𝑁 ∑(𝑙𝑖 × log(𝑦𝑖)𝑁
𝑖=1 + (1 − 𝑙𝑖) × log(1 − 𝑦𝑖)  455 

𝑦𝑖 is the predicted result value, and 𝑙𝑖 is the true label value. 456 

Step 2 global-local affinity feature fusion, the affinity relationship between 457 

fragments is obtained by multiplying the representations of small molecule compounds 458 

and proteins to generate a local affinity matrix as shown in Figure 2B. In order to avoid 459 

excessively high affinity scores in the local affinity matrix, normalization is applied, 460 

resulting in a new normalized local affinity matrix. The affinity matrix is then 461 

transformed through Softmax to obtain the affinity relationship matrix between each S-462 

mol and different S-pros. Simultaneously, by transposing the affinity matrix and 463 

applying Softmax, the affinity relationship matrix between each S-pro and different S-464 

mols is obtained. The product of the affinity relationship matrix and the representation 465 

of small molecule compounds yields the representation of small molecule compounds 466 

after local fragment correction. Similarly, the product of the affinity relationship matrix 467 

and the representation of proteins yields the representation of proteins. The 468 



representation of small molecule compounds after local fragment affinity attention 469 

correction is concatenated with the representation of small molecule compounds 470 

extracted under global attention correction in vector dimension, resulting in a mixed 471 

representation of small molecule compounds. Similarly, a mixed representation of 472 

proteins is obtained. The concatenated mixed representation of small molecule 473 

compounds and mixed representation of proteins, after passing through a fully 474 

connected layer and global adaptive pooling, respectively, yield the representations of 475 

small molecule compounds and proteins after fusion of global and local features. 476 

Step 3 affinity prediction via fused feature optimization, concatenate the fused 477 

representations of small molecule compounds and proteins in the fragment dimension 478 

to obtain affinity features as shown in Figure 2C. The obtained affinity features are then 479 

sequentially passed through a global adaptive pooling layer and an activation function 480 

layer to obtain a pair of predictions for small molecule compounds and proteins. Based 481 

on the predicted results and real labels, continuously optimize the entire network using 482 

a binary cross-entropy loss function. 483 

Molecular generation based on structural and molecular property 484 

constraints 485 

In this research, a Conditional Transformer is employed the physicochemical 486 

properties of the generative model. Within the foundational model of the Conditional 487 

Transformer, constraints based on two attributes are introduced to guide the molecular 488 

generation process. This approach serves to constrain crucial properties during the 489 

molecular generation process, enhancing efficiency. Simultaneously, reducing the 490 

number of introduced attributes helps avoid an excessive increase in model size due to 491 

an overabundance of parameters, thereby reducing both training and operational costs 492 

of the model. 493 

The molecular generation model is based on the C-Transformer model. Similar to 494 

the S-pro pretraining model, it involves molecular segmentation for encoding and 495 

training. The training data is derived from Chembl and ZINC, consisting of 250k 496 



selected drug-like small molecules. In the encoding and generation embedding process, 497 

the Transformer is used to extract long-range interactions between compound atoms. 498 

This C-Transformer generation model is trained using small molecule data with labeled 499 

properties (LogP and LogSW). Throughout the model training iterations, the labeled 500 

properties serve as one of the conditional encodings for the C-Transformer, while the 501 

molecular SMILES are used for structural encoding training. Simultaneously, C-502 

Transformer Embedding is employed to encode a randomly initialized molecule and 503 

any S-mols, calculating the distance 𝐷 between the initial molecule and the S-mols. 504 

The similarity 𝑆 between the molecular skeleton of the random initial molecule and 505 

the S-mols skeleton is computed. Reinforcement learning is applied, using the product 506 

of 𝐷 and 𝑆 as a reward reference. Rewards are given for higher similarity and closer 507 

distance, while penalties are imposed inversely, thereby constraining the generated 508 

molecular structure. The loss value of the model is determined by the following 509 

parameters: 510 𝑙𝑜𝑠𝑠 =  − 1𝑛 ∑[𝑎𝑙𝑛 𝐷 ∗ 𝑆 + (1 − 𝑎)ln (1 − 𝐷 ∗ 𝑆)]𝑥  511 

𝐷 represents the Euclidean distance between the initial molecule and the S-mol, 512 

and 𝑆  represents the similarity between the molecular skeleton and the S-mol 513 

molecular skeleton. Parameter 𝑎 is used to allocate the impact of C-Transformer and 514 

reinforcement learning on the model gradients, while 𝑛 represents the batch size. 515 

Tanimoto similarity is a method used to measure the similarity between two sets, 516 

commonly applied in cheminformatics to compare the similarity of molecular 517 

fingerprints61. The formula for calculating the Tanimoto similarity used in this article 518 

is as follows: 519 TanimotoSimilarity = 𝐴 ∩ 𝐵𝐴 ∪ 𝐵 520 

Where 𝐴 ∩ 𝐵 denotes the number of elements in the intersection of sets 𝐴 and 521 𝐵. 522 

The specific calculation steps are as follows: 523 



Step 1 molecular fingerprints representation, represent molecules as binary vectors 524 

(a sequence of 0s and 1s), where each bit indicates whether a particular feature exists 525 

in the molecule. 526 

Step 2 intersection calculation, perform a bitwise "AND" operation on the binary 527 

vectors of the two molecules to determine the number of bits that are 1 in both, which 528 

represents the intersection. 529 

Step 3 union calculation, perform a bitwise "OR" operation on the binary vectors 530 

of the two molecules to determine the number of bits that are at least 1, which represents 531 

the union. 532 

Step 4 similarity calculation, divide the number of elements in the intersection by 533 

the number of elements in the union to obtain the Tanimoto similarity. 534 

The range of Tanimoto similarity is from 0 to 1; a value closer to 1 indicates that 535 

the two molecular fingerprints are more similar, while a value closer to 0 indicates that 536 

they are less similar. 537 

Simultaneously, molecular properties such as lipophilicity and water solubility will 538 

be incorporated into the constraints of the molecular generation model to ensure that 539 

the generated PROTAC molecules exhibit greater diversity in these properties. During 540 

the generation process, in the step where the generated molecules undergo S-mol 541 

structure constraints, a fixed molecular S-mol library is used, consisting of screened S-542 

mol with high affinity for the target protein. Additionally, the combined S-mols of these 543 

S-mols are also added to the S-mol library. The generated PROTAC molecules undergo 544 

a synthetic feasibility check using RDKit. If molecules with unsatisfactory synthetic 545 

feasibility are generated, adjustments are made strictly according to the SMILES syntax 546 

to improve the compliance rate of the molecules. 547 

Performance evaluation of generative models 548 

Generative performance 549 

The general statistical metrics aim to assess the model’s ability to generate new 550 

molecular structures. The validity metric is used to evaluate the model’s capability to 551 



generate chemically valid molecules. Valid molecules are those that correspond to some 552 

real-world molecules, at least theoretically. The validity is calculated as the ratio of 553 

valid molecules Nvalid to all generated molecules Ngenerated. Molecules with incorrect 554 

SMILES syntax or invalid bond values will be penalized 62. 555 𝑉𝑎𝑖𝑙𝑑𝑖𝑡𝑦 = 𝑁𝑣𝑎𝑙𝑖𝑑𝑁𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 ∗ 100% 556 

The novelty metric is used to evaluate the model’s ability to generate new 557 

molecules. A model should have good coverage of chemical space to generate 558 

molecules that are similar but not identical to those in the training set63. The novelty is 559 

calculated as the ratio of new molecules to all valid molecules, where 𝑁𝑒𝑥𝑖𝑠𝑡𝑒𝑑 is the 560 

number of molecules generated that are duplicates with the training set, and 𝑁𝑣𝑎𝑙𝑖𝑑 is 561 

the total number of generated molecules. Molecules already present in the training set 562 

will be penalized 62. 563 𝑁𝑜𝑣𝑒𝑙𝑡𝑦 = (1 − 𝑁𝑒𝑥𝑖𝑠𝑡𝑒𝑑𝑁𝑣𝑎𝑙𝑖𝑑 ) ∗ 100% 564 

The uniqueness metric is used to assess the model’s ability to generate distinct 565 

molecules. A model should explore the entire chemical space to generate a large number 566 

of unique molecules, rather than lazily generating duplicates to reduce loss. The 567 

uniqueness is calculated as the ratio of unique molecules Nunique to all valid molecules 568 𝑁𝑣𝑎𝑙𝑖𝑑. Duplicated generated molecules will be penalized62. 569 𝑈𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠 = 𝑁𝑢𝑛𝑖𝑞𝑢𝑒𝑁𝑣𝑎𝑙𝑖𝑑 ∗ 100% 570 

Property distribution 571 

The distance between the chemical property distributions of generated molecules 572 

and molecules in the training set is considered useful for assessing how well the model 573 

has learned from the training set. Two metrics have been proposed for this purpose62. 574 

FCD was introduced by Preuer et al. 64. They introduced and trained a neural 575 

network called ChemNet to predict biological activity. The latent vectors from the 576 

penultimate layer of ChemNet are extracted, and the averages and covariances of these 577 

activations for both the reference set and the generated set of molecules are computed. 578 

The Fréchet distance between the obtained pairs of values is then calculated as FCD. 579 

KL divergence 580 



KL divergence is a crucial metric for measuring how one probability distribution 581 

approximates another. In this benchmark test, physical-chemical properties, including 582 

BertzCT, MolLogP, MolWT, Topological Polar Surface Area (TPSA), NumHAceptors, 583 

NumHDonors, NumRotatableBonds, NumAliphaticRings, and NumAromaticRings, 584 

are computed for generated molecules and the training set using RDKit tools. The 585 

distributions of these descriptors are then calculated. For a total of N descriptors, the 586 

Kullback-Leibler divergence 𝐷𝐾𝐿 𝑖 is computed for each descriptor i and aggregated 587 

to obtain the final score 𝑆. 588 

𝑆 = ∑ 𝐷𝐾𝐿 𝑖𝑁
𝑖=1   589 

Attribute filtering 590 

Establishing the small molecule screening model MDAM involves selectively 591 

constraining molecular features that meet the requirements of drug molecules, aiming 592 

to filter out potential PROTAC candidate molecules that meet the criteria. Property 593 

screening includes two aspects: affinity repetition screening, which involves 594 

experimentally calculating the affinity between generated molecules and target 595 

molecules, and other property screening, including lipophilicity, water solubility, etc., 596 

to satisfy specific drug release properties. MDAM is a multi-dimensional attribute 597 

fusion model constructed by sampling 1D, 2D, and 3D information of molecules. 598 

Particularly, the sampling of the 3D structure of molecules utilizes SphereNet and 599 

attention mechanisms to generate a 3D structure feature network, obtaining the feature 600 

vector of the molecule’s 3D structure through pre-training. 601 



 602 

Figure 3. The process of the MDAM based on attention mechanism 603 

To screen for PROTAC molecular properties, a PROTAC molecular property 604 

prediction model based on MDAM model was developed. The model consists of three 605 

main modules: 606 

Module I: Multi-Dimensional Feature Encoding Module as shown in Figure 3A. 607 

Module II: Generation of 1D, 2D, and 3D feature vectors for molecules as shown 608 

in Figure 3B. 609 

Module III: Multi-Dimensional Feature Fusion Module as shown in Figure 3C. 610 

The attention-based multi-dimensional feature encoder takes the SMILES-encoded 611 

model of a molecule as input and is divided into three channels. 612 

Channel I: Processing the SMILES string, MDAM utilizes the FCS algorithm to 613 

directly encode the SMILES, generating sequence data as input for the sequence 614 



encoder. The sequence encoder, employing a Transformer, directly encodes the 615 

sequence data to obtain the feature vector for the molecular 1D sequence. 616 

Channel II: RDKit transforms the SMILES string into a molecular graph, serving 617 

as input for the graph encoder. Through an attention layer, the graph encoder calculates 618 

attention scores for adjacent nodes as weighting coefficients while aggregating 619 

neighboring message vectors. This process ultimately yields the molecular 2D atomic 620 

graph feature vector. 621 

Channel III: Handling structural information such as 3D coordinates of the 622 

molecule, MDAM utilizes SphereNet and a multi-head attention mechanism to generate 623 

the feature vector for the molecular 3D structure. After obtaining feature vectors from 624 

the three channels - 1D sequence feature vector, 2D atomic graph feature vector, and 625 

3D structure feature vector - the Feature Fusion Module is used to merge these vectors 626 

and predict downstream molecular properties. 627 MultiHead(𝑄, 𝐾, 𝑉) = Concat(head1,head2, . . . ,head𝑚)𝑊𝑜 628 

Headi = Attention(𝑄 × 𝑊𝑖𝑄 , 𝐾 × 𝑊𝑖𝐾 , 𝑉 × 𝑊𝑖𝑉  ) = softmax(𝑄𝑖 × 𝐾𝑖𝑇√𝑑𝑘 )𝑉𝑖 629 

X = concat(𝐸transformer
(𝑀𝑖) , 𝐸mpnn

(𝑀𝑖) , 𝐸spherenet
(𝑀𝑖) ) = (𝐸transformer

(𝑀𝑖) , 𝐸mpnn
(𝑀𝑖) , 𝐸spherenet

(𝑀𝑖) ) 630 

Where 𝑊𝑖𝑄, 𝑊𝑖𝐾  and 𝑊𝑖𝑉 are the weight matrices for each attention head, and 631 𝑄𝑖  ,  𝐾𝑖  and 𝑉𝑖  are the query, key, and value vector matrices derived from linear 632 

transformations, respectively. The attention operation represents the calculation process 633 

of a single attention head, where attention weights are computed based on the query, 634 

key, and value, followed by a weighted sum. 635 𝐸spherenet
(𝑀𝑖)  denotes the 3D molecular vector obtained from SphereNet, 𝐸mpnn

(𝑀𝑖)  636 

represents the 2D molecular vector obtained from MPNN, and 𝐸transformer
(𝑀𝑖)  is the 1D 637 

molecular vector obtained from the transformer. 638 

In downstream tasks, there are both regression tasks and classification tasks. In 639 

classification tasks, the output of the decoder is a result, while in regression tasks, the 640 



output is a predicted value. MDAM is optimized using both cross-entropy loss function 641 

and MAE loss function. The loss function in this model is represented by the formula: 642 𝑙𝑜𝑠𝑠𝐶𝐸 =  − ∑ 𝑁𝑙𝑜𝑔𝑁 − 𝜆(1 − 𝑁)log (1 − 𝑁) 643 

𝑙𝑜𝑠𝑠𝑀𝑆𝐸 =  1𝑀 ∑(𝑦𝑖′ −  𝑦𝑖)2𝑀
𝑖=1  644 

Where 𝑦𝑖 is the class label of the sample, and 𝑦𝑖′ is the predicted value of the 645 

sample. 646 

In the processes of chemical synthesis and drug development, the SAS and the 647 

QED are two commonly used screening tools for selecting molecules that are easier to 648 

synthesize and possess drug-like properties. The threshold setting for these two 649 

indicators during the screening process is crucial, as they directly impact the quality of 650 

the screened molecular library and the success rate of subsequent experimental studies. 651 

In this article, SAS and QED are used as final selection criteria for further filtering the 652 

generated PROTAC molecules. 653 

SAS is a quantitative metric used to assess the synthetic difficulty of a molecular 654 

structure, with scores typically ranging from 1 to 10, where lower scores indicate that 655 

a molecule is easier to synthesize65. The calculation of SAS is based on various 656 

structural features of the molecule, including molecular complexity, the number and 657 

types of chemical groups, the size and number of rings, and stereochemical features. 658 

During the molecular screening process, researchers often set a SAS threshold based on 659 

specific project requirements and the synthetic capabilities of their laboratory. For 660 

example, in a project with limited synthetic resources, they might choose to retain 661 

molecules with an SAS score below 3, indicating that these molecules have high 662 

synthetic accessibility and are easier to synthesize under laboratory conditions. 663 

Conversely, in situations where synthetic resources are abundant or the target molecules 664 

have higher potential efficacy, the threshold may be relaxed to around 5. Generally, 665 

molecules with an SAS score greater than 6 are considered to have high synthetic 666 

difficulty, potentially requiring more complex synthetic routes, and are thus usually 667 

excluded from priority screening. 668 



First, SAS is based on the decomposition of the molecular structure, breaking the 669 

entire molecule down into several S-mol. The complexity of each S-mol is determined 670 

by a series of chemical features, including atom types, bond types, the number and size 671 

of ring systems, the number and types of functional groups, as well as stereochemical 672 

information (such as the presence of chiral centers). Specifically, for each S-mol, the 673 

complexity score 𝐶𝑖 can be represented as: 674 𝐶𝑖 = 𝑓(𝐴𝑡𝑜𝑚 𝑇𝑦𝑝𝑒, 𝐵𝑜𝑛𝑑 𝑇𝑦𝑝𝑒, 𝑅𝑖𝑛𝑔 𝑆𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒, 𝑆𝑡𝑒𝑟𝑒𝑜𝑐ℎ𝑒𝑚𝑖𝑠𝑡𝑟𝑦) 675 

Here, the function 𝑓  represents a comprehensive evaluation of these features. 676 

After completing the complexity assessment of the S-mols, the calculation of SAS 677 

continues by aggregating the complexity scores of all S-mols, while also considering 678 

the overall structural characteristics of the molecule, such as the connections between 679 

S-mols 𝐿𝑗 and the symmetry 𝑆 of the molecule. These factors influence the overall 680 

synthetic difficulty, so when calculating the total molecular complexity score 𝐶𝑡𝑜𝑡𝑎𝑙, 681 

the following formula is typically used: 682 

𝐶𝑡𝑜𝑡𝑎𝑙 =  ∑ 𝑤𝑖 ×𝑛
𝑖=1 𝐶𝑖 + ∑ 𝑔(𝐿𝑗) + ℎ(𝑆)𝑚

𝑗=1  683 

Here, 𝑤𝑖  is the weight of each S-mol, 𝐿𝑗  is a function that accounts for the 684 

contribution of the connection between S-mols to the overall complexity, and ℎ(𝑆) is 685 

a correction function that considers the influence of molecular symmetry on the 686 

complexity. Since the contributions of different S-mols may be uneven, the weights 𝑤𝑖 687 

allow for amplifying or reducing the complexity of certain S-mols. 688 

Finally, the overall complexity score 𝐶𝑡𝑜𝑡𝑎𝑙 is normalized to a range of 1 to 10 to 689 

ensure consistency and comparability of SAS scores across different molecules. The 690 

normalization typically uses a linear transformation formula: 691 𝑆𝐴𝑆 = 1 + 9 × 𝐶𝑡𝑜𝑡𝑎𝑙 − 𝐶𝑚𝑖𝑛𝐶𝑚𝑎𝑥 − 𝐶𝑚𝑖𝑛  692 

Here, 𝐶𝑚𝑖𝑛 and 𝐶𝑚𝑎𝑥 represent the lowest and highest complexity scores among 693 

known molecules, respectively. This normalization method ensures that SAS maintains 694 

a relatively consistent evaluation scale across different molecules, where a score of 1 695 



indicates that the molecule is very easy to synthesize, and a score of 10 indicates that it 696 

is very difficult to synthesize. 697 

QED is a quantitative metric used to evaluate the drug-like properties of a 698 

compound, calculated based on a combination of several key molecular characteristics. 699 

These characteristics include molecular weight, LogP, HBD, HBA, PSA, NRB and AR. 700 

The calculation of QED first involves determining the score for each characteristic 701 

using the following formula: 702 𝑑𝑖 = 𝑒−(𝑋𝑖−𝜇𝑖𝜎𝑖 )2
 703 

Here, 𝑋𝑖 represents the actual value of characteristic 𝑖, while 𝜇𝑖 and 𝜎𝑖 are the 704 

mean and standard deviation of characteristic 𝑖, based on statistical data from known 705 

drug molecules. Each characteristic score 𝑑𝑖  is normalized to a range from 0 to 1, 706 

where a value of 1 indicates that the characteristic fully aligns with drug-like properties, 707 

and 0 indicates a complete lack of alignment. 708 

Then, the weighted geometric mean of all normalized characteristic scores 𝑑𝑖 is 709 

used to calculate the QED, as given by the following formula: 710 

𝑄𝐸𝐷 = ∏ 𝑑𝑖𝑤𝑖𝑛
𝑖=1  711 

Here, 𝑤𝑖  represents the weight of characteristic 𝑖 , reflecting the relative 712 

importance of that characteristic in evaluating drug-likeness. In this way, QED 713 

integrates multiple key characteristics of a molecule to generate a single score ranging 714 

from 0 to 1, with a value closer to 1 indicating a stronger drug-like nature. 715 

During the screening process, the QED threshold is typically determined based on 716 

the drug property requirements of the target application. A QED threshold of 0.5 is 717 

often set to retain as many potential candidate molecules as possible for further 718 

screening. However, in more stringent screening stages, the QED threshold is usually 719 

set at 0.7 or higher, ensuring that the retained molecules have a higher potential for 720 

drug-likeness, showing favorable pharmacokinetic ADME and toxicity profiles. In 721 

general, molecules with a QED score below 0.3 are considered unlikely to possess ideal 722 

drug-like properties and are therefore often excluded from further studies66. 723 



By combining SAS and QED for molecular screening, both the synthetic feasibility 724 

and drug-likeness of the molecules can be considered, effectively filtering out 725 

compounds that are difficult to synthesize or lack desirable drug-like properties at an 726 

early stage. For PROTAC molecules, based on synthesis difficulty and cost, molecules 727 

with an SAS score below 3 are retained. In the case of early-stage candidate compounds, 728 

QED does not need to be a strict criterion, so a threshold of 0.5 is set for QED screening. 729 

This screening process, which integrates both metrics, helps to conserve synthesis 730 

resources while also enhancing the drug-like properties of the molecules. 731 

Molecular docking 732 

Protein structure and ligand structure acquisition 733 

Uniprot is a protein database that includes protein sequences, functional 734 

information, and research paper indexes, integrating resources from three major 735 

databases: EBI, SIB, and PIR. Using "WNT3A" as the keyword, protein structures were 736 

retrieved from Uniprot, selecting the EM structure of WNT3A_HUMAN (Uniprot ID: 737 

P56704) with a resolution of 2.20 Å (PDB ID: 7DRT). Subsequently, its ligand 738 

SMILES were converted into PDB format for preservation. 739 

Protein and ligand preparation 740 

The downloaded protein PDB file was imported into Schrödinger Maestro 13.1 741 

software, and the remaining chains of the protein as well as water molecules and 742 

impurities were removed. Chain A was retained, and the Protein Preparation module 743 

was used to check for any missing atoms or residues in the protein crystal structure and 744 

correct them accordingly. Hydrogen atoms were added to the protein structure, and 745 

partial charges were assigned to each atom. Compounds were subjected to energy 746 

minimization using the LigPrep module, with the OPLS4 force field selected, and the 747 

processed compounds were saved for later use. 748 

Grid generation for docking 749 



The “SiteMap” module was first used to predict potential pockets on the protein, 750 

and after selecting the optimal binding pocket, the Receptor Grid Generation module 751 

was used to generate the docking box. 752 

Molecular docking 753 

The prepared ligand library was docked to the protein’s active site using the 754 

precision XP mode in the Ligand Docking module of the Schrödinger suite. The Glide-755 

score value, representing the docking score of the compound to the target, was obtained. 756 

Glide-score is an empirical scoring function designed to maximize the separation 757 

between compounds with strong binding affinity and those with little or no binding 758 

capability. It consists of terms describing the physical properties of the binding process, 759 

including hydrophobic-hydrophobic interactions, hydrogen bonding interactions, and 760 

contributions of protein-ligand Coulomb-van der Waals energy. A higher Glide-score 761 

indicates a more stable binding of the ligand to the receptor. The binding activity of 762 

compounds to the target was evaluated based on the Glide-score value. Three ligands 763 

were docked to the protein individually. 764 

Analysis of protein-ligand interactions 765 

The binding interface of the protein-ligand complex was systematically analyzed 766 

using PLIP, and interaction-related details were supplemented using pyMOL 2.5 767 

software. 768 

Hydrogen bonds are considered the most important among all directional covalent 769 

interactions. The upper limit for their distance at was configured as 4.1 Å. Hydrogen 770 

bonds are formed between a donor group (such as DH) providing a hydrogen atom in 771 

the form of a positive end and an acceptor group with high electron density. With each 772 

additional hydrogen bond, the binding affinity of the ligand increases by an order of 773 

magnitude. The typical range of hydrogen bond energies is 10 to 40 kJ/mol. 774 

Molecular dynamics simulations 775 

The MD simulations were conducted to study the interactions between three 776 

PROTAC candidate compounds within the Wnt3a and CRBN complex system. The 777 



simulations were run using GROMACS on a server equipped with an Intel E5 2686 v4 778 

processor running at 2.30 GHz and an NVIDIA 3090 Ti GPU with 24 GB VRAM, using 779 

the Ubuntu 20.04 operating system. Each MD simulation was conducted over a total 780 

duration of 500 ns. 781 

In this study, the initial complex structure of Wnt3a, CRBN, and each of the three 782 

PROTAC candidate molecules was prepared and parameterized for MD simulation. 783 

The system was solvated in a cubic box with TIP3P water molecules, and appropriate 784 

ions were added to neutralize the system. Energy minimization was performed to relax 785 

the system, followed by equilibration phases under the NVT and NPT ensembles to 786 

stabilize temperature and pressure. Production MD runs were conducted under periodic 787 

boundary conditions with a time step of 2 fs, and simulations were carried out with a 788 

12 Å cutoff for nonbonded interactions and the PME method for long-range 789 

electrostatics. Complex visualization and rendering were performed using PyMOL 790 

version 3.0.3. 791 

During the simulation analysis, several key metrics were evaluated: 792 

RMSD values for both the protein and ligand were calculated to assess the 793 

stability of the protein-ligand complex over time, providing insights into the structural 794 

integrity and dynamic behavior of each candidate compound within the Wnt3a-CRBN 795 

complex. 796 

The binding free energy ΔG of the complexes was calculated using the MM-797 

GBSA method, allowing the identification of key residues contributing to the binding 798 

affinity for each candidate compound. 799 

The Rg values were monitored to evaluate the overall compactness and structural 800 

stability of the protein-ligand complexes throughout the simulation. 801 

The RMSF analysis was performed to determine the flexibility of specific 802 

residues within the protein complex, highlighting regions with high mobility. 803 

The SASA values were calculated over time to observe changes in the exposure 804 

of the protein-ligand interface to the solvent, reflecting potential changes in the 805 

complex’s stability and interactions. 806 



Compound synthesis process 807 

 808 

Figure 4: Synthetic Pathway for Candidate Compound 1-3. 809 

Figure 4 illustrates the synthetic pathway of Compound 1-3, with detailed steps 810 

as follows: 811 

A mixture solution of 1 (2.5 g, 9 mmol) and Na2CO3 (1.9 g, 18 mmol) in DMF 812 

was stirred for 30 minutes, and then 2 (2.1 g, 11 mmol) was added and stirred at room 813 

temperature overnight to obtain 3. 3 was further reacted with DCM and TFA to give 4 814 

by removing the Boc-protecting group. To obtain 7, 5 (1.6 g, 10 mmol), 6 (2.3 g, 12 815 

mmol) and DMAP (0.12 g, 1 mmol) were added with EDCI (2.3 g, 12 mmol) to DCM, 816 

and then the mixture was stirred at room temperature overnight. To a solution of 7 (1.5 817 

g, 4 mmol) in 1,4-Dioxane at room temperature, 6N HCl was added and stirred 818 
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overnight. After completion of the reaction, the mixture was quenched to pH 7 with 819 

NaOH to produce the product 8. 8 (300 mg, 1.1 mmol), 4 (365 mg, 1.1 mmol) and 820 

DMAP (16 mg, 0.132 mmol) were added with EDCI (253 mg, 1.32 mmol) to DCM, 821 

and then the mixture was stirred at room temperature overnight. The resulting mixture 822 

was extracted with EtOAc (3 × 10 mL), dried over Na2SO4, filtered, and then 823 

concentrated under a reduced pressure. The residue was purified by flash silica 824 

chromatography (petroleum ether/ethyl acetate = 2:1 v/v) to obtain candidate 825 

compound 1. 826 

Employing the same reaction conditions as above, the residue was purified by 827 

flash silica chromatography (dichloromethane/methyl alcohol = 15:1 v/v) to obtain 828 

candidate compound 2. 829 

14 (1.76 g, 10 mmol), 6 (2.78 g, 12 mmol) and HATU (5.7 g, 15 mmol) were 830 

added with DIEA (2.58 g, 20 mmol) to DMF in an ice-water bath, and then the mixture 831 

was stirred at room temperature for 4h to obtain 15. And then employing the same 832 

reaction conditions as above, the residue was purified by flash silica chromatography 833 

(petroleum ether/ethyl acetate = 4:1 v/v) to obtain candidate compound 3. 834 

In vitro validation 835 

Cell Culture and Reagents: HepG2 human hepatocellular carcinoma cells were 836 

cultured in DMEM high-glucose medium (Shanghai Titan Technology, China) 837 

containing 10% fetal bovine serum (FBS, Lonsera), 1% penicillin and streptomycin 838 

(Shanghai Beyotime Biotechnology, China). Cells were incubated at 37°C with 5% CO₂ 839 

in a Thermo Fisher cell incubator (Thermo Fisher, USA). Compounds were dissolved 840 

in DMSO (Sigma, USA) to prepare an 80 mM stock solution. 841 

Cell Treatment: Once HepG2 cell density reached 85–90% confluence, the 842 

medium was removed, and cells were washed with 2 mL of phosphate-buffered saline 843 

(PBS, BBI). Cells were digested with 1 mL of 0.25% trypsin (ScienCell) at room 844 

temperature for 1–2 minutes. After observing sufficient detachment, cells were 845 

collected, centrifuged at 1000 rpm for 5 minutes, and resuspended in 1 mL of complete 846 



medium. Cells were seeded in 12-well plates at an appropriate density and incubated 847 

for 24 hours at 37°C with 5% CO₂. After incubation, the medium was removed, and 848 

cells were treated with DMEM containing various concentrations of the compounds (80 849 

μM, 40 μM, 20 μM, 10 μM, 5 μM, 2.5 μM, 1.25 μM, 0.625 μM, 0.3125 μM, and 850 

0.15625 μM). Following 24 hours of treatment, the medium was removed, and cells 851 

were washed twice with 1 mL of sterile PBS for downstream experiments. 852 

Protein Extraction and Quantification: For protein extraction, cells were lysed 853 

with RIPA buffer (Shanghai Beyotime Biotechnology, China) containing protease 854 

inhibitor PMSF (Shanghai Beyotime Biotechnology, China) and incubated on ice for 855 

5–10 minutes. Cells were scraped and collected into 1.5 mL microcentrifuge tubes. 856 

Lysates were centrifuged at 12000 rpm for 15 minutes at 4°C, and the supernatant was 857 

collected. A portion of the protein extract was used for protein concentration 858 

determination using the BCA Protein Assay Kit (Shanghai Beyotime Biotechnology, 859 

China). The remaining protein was mixed with 5× loading buffer and boiled at 98°C 860 

for 10 minutes. 861 

SDS-PAGE and Western Blot Analysis: Proteins were separated using 10% 862 

SDS-PAGE, with 5 mL of resolving gel and 2 mL of stacking gel prepared per plate. 863 

Electrophoresis was conducted at 80 V for 40 minutes, followed by 120 V for 864 

approximately 1 hour until complete protein separation. Following electrophoresis, 865 

proteins were transferred to a PVDF membrane (Millipore, USA) using a 260 mA 866 

current for 70 minutes. The membrane was blocked with a quick-blocking buffer for 867 

10–20 minutes at room temperature, then incubated overnight at 4°C with primary 868 

antibodies: Wnt3a (1:1000) and GAPDH (1:10000) (both from Saiye Biotech, China). 869 

The membrane was washed with TBST and incubated with HRP-conjugated secondary 870 

antibodies (HRP-conjugated Goat Anti-Mouse IgG and HRP-conjugated Goat Anti-871 

Rabbit IgG, Saiye Biotech, China) for 2 hours at room temperature. After further 872 

washes, the membrane was incubated with ECL reagent (Tanon, China) and visualized 873 

using a Tanon imaging system. 874 

Results and discussion 875 



Preprocessing of molecular and protein data 876 

This experiment utilized a dataset sourced from ZINC for molecular S-mol 877 

splitting, which resulted in a total of 4,577,207 SMILES S-mols. To ensure the 878 

acquisition of reasonable S-mol segments and to avoid including extremely small or 879 

excessively long segments in the S-mol library, further screening of SMILES S-mols 880 

was conducted based on the Chembridge approach, resulting in 870,834 S-mols after 881 

the screening process. 882 

Protein splitting data were obtained from the BindingDB dataset. The VOLT 883 

method was employed to split the protein data. After the protein splitting process, the 884 

obtained S-pros underwent low-frequency masking treatment to create the S-pro 885 

collection. 886 

The primary purpose of applying low-frequency masking to a molecular S-mol 887 

library was to improve the model’s generalization ability and robustness. Low-888 

frequency molecular S-mols appeared infrequently in the training data, making it 889 

difficult for the model to learn stable and useful features from these rare S-mols. By 890 

masking these low-frequency S-mols, the model could focus more on high-frequency 891 

S-mols and learn more generalized features, leading to better performance when 892 

handling new data. Additionally, low-frequency S-mols often contained more noise and 893 

uncertainty, and if the model overly relied on these S-mols, it could lead to overfitting. 894 

Masking low-frequency S-mols reduced the model’s dependence on this noisy data, 895 

thereby improving the model’s robustness and stability30. 896 

Low-frequency S-mols were often numerous but contributed little to the overall 897 

dataset. By masking these low-frequency S-mols, the training process was simplified, 898 

reducing computational costs and improving training efficiency. The infrequent 899 

appearance of molecular S-mols led to data sparsity, which negatively impacted the 900 

model’s learning effectiveness. Masking low-frequency S-mols helped alleviate the 901 

data sparsity issue, enabling the model to more effectively learn and represent 902 

molecular S-mols. In practical applications, the model might have encountered many 903 

unseen molecular S-mols. By masking low-frequency S-mols during training, the model 904 



adapted better to these new S-mols, improving its generalization performance and 905 

robustness. At the same time, the low-frequency masking strategy indirectly increased 906 

the probability of less frequent S-mols, promoting molecular diversity while injecting 907 

more randomness into the sampling process. 908 

Filtering high SSI 909 

Table 1: Performance of FOTF-CPI 910 

Model AUC(SD) PRC(SD) Sensitivity(SD) Specificity(SD) F1(SD) Cost(h) 

DeepDTA67 0.901(0.007) 0.810(0.006) 0.780(0.024) 0.905(0.017) 0.757(0.014) 12.65 

TransformerCPI68 0.910(0.007) 0.788(0.011) 0.736(0.014) 0.890(0.012) 0.731(0.005) 5.44 

Moltrans69 0.903(0.002) 0.806(0.007) 0.762(0.013) 0.908(0.007) 0.752(0.004) 1.20 

ML-DTI70 0.902(0.007) 0.785(0.011) 0.753(0.007) 0.851(0.005) 0.763(0.003) 2.32 

IIFDTI71 0.917(0.003) 0.793(0.004) 0.817(0.011) 0.883(0.013) 0.745(0.003) 18.9 

FOTF-CPI 0.929(0.003) 0.834(0.002) 0.822(0.006) 0.924(0.012) 0.789(0.005) 0.98 

Table 1 presented a comparison study of the BindingDB dataset based on AUC, 911 

PRC, sensitivity, specificity, and F1. Notably, the FOTF-CPI proposed in this research 912 

obtained the highest scores on each of the metrics. A comprehensive comparative study 913 

of the Davis and Biosnap datasets was provided in the Moltrans study69. This reference 914 

offered a detailed evaluation of the performance of various models, including FOTF-915 

CPI and ML-DTI, across several critical metrics such as accuracy, precision, recall, and 916 

F1-score. For the Davis dataset, FOTF-CPI demonstrated superior performance on most 917 

metrics, with the exception of specificity, where ML-DTI excelled. Similarly, in the 918 

Biosnap dataset, FOTF-CPI achieved the highest scores in most evaluation criteria, 919 

except sensitivity, where ML-DTI performed better. This comparative analysis 920 

highlighted the strengths and trade-offs of these models in predicting drug-target 921 

interactions. 922 

Although FOTF-CPI had slightly lower specificity and sensitivity on the Davis and 923 

Biosnap datasets alone, it remained the best model among several models when both 924 

specificity and sensitivity metrics were considered together. The DeepDTA67, 925 



TransformerCPI68, Moltrans69, ML-DTI70, and IIFDTI71 models focused on interactions 926 

between proteins and compounds as entire sequences, while the interactions between 927 

protein and compound S-mols were not examined as essential components. The FOTF-928 

CPI model prioritized the collection of sequence characteristics of molecular S-mols 929 

and then mined them for information links. As a result, more feature information was 930 

acquired, and the performance of CPI was enhanced. 931 

Generated molecules 932 

A structure-constrained molecular generation model for comparison with other 933 

methods was trained and evaluated. 934 

Table 2: Performance of DCT model 935 

Generation Model Validity Uniqueness Novelty FCD score 
KL 

divergence 

CharRNN72 0.975 0.999 0.842 0.913 0.991 

AAE73 0.937 0.997 0.793 0.555 / 

VAE74 0.937 0.998 0.695 0.099 0.567 

JT-VAE37 1.000 0.999 0.914 0.395 0.822 

Organ75 0.961 0.923 0.872 0.000 0.267 

MolGPT76 0.994 1.0 0.797 0.067 0.507 

DCT 0.998 0.999 0.997 0.083 0.921 

Table 2 compared the performance of the DCT generation model with other similar 936 

models. The experimental results were obtained by generating new molecules based on 937 

the MOSES dataset to calculate performance parameters77. From Table 2, it was 938 

observed that the FCD value of our model was 0.083, indicating a relatively low level, 939 

which suggested that the model successfully captured the statistical characteristics of 940 

the dataset. Additionally, the high KL divergence value of 0.921 for DCT, which was 941 

close to those of other advanced models, suggested that DCT could correctly generate 942 

molecules with features that aligned with the original dataset distribution. 943 



 944 

Figure 5. The attributes distribution of generated model outputs and the training set. 945 

As shown in Figure 5, a generative model using the PROTAC-DB dataset was 946 

trained. The trained generative model was then utilized to generate 10,000 molecules 947 

from scratch. The various properties of these 10,000 generated molecules were 948 

statistically analyzed, and corresponding distribution plots were generated. In each 949 

distribution plot, the property distributions calculated from the original PROTAC-DB 950 

2.0 dataset were included. From the plots, it was evident that the generative model 951 

accurately defined the chemical space of the input training set. In the distributions of 952 

multiple properties, including Number of HDonors, Number of Atoms, Length of 953 

SMIELS, Number of Hydrogen Bond Acceptors, Bertz complexity, and SAScores, the 954 

distribution range of the generated molecules closely matches that of the molecules in 955 

the original dataset. 956 

The distribution of hydrogen bond donors in the molecules generated by DCT was 957 

similar to that of the molecules in the training set, with a peak at 6, which was 1 more 958 

than that in PROTAC-DB v2, as seen in Figure 5A. Considering that strict constraints 959 

on the water solubility of the generated molecules were applied in the generative model, 960 

molecules with more hydrogen bond donors generally exhibited higher water solubility 961 

as shown in Figure 5B. Therefore, the constraint on water solubility led to higher values 962 

of hydrogen bond donors in the generated molecules, causing the overall peak to shift 963 

to the right. Similarly, for hydrogen bond acceptors as shown in Figure 5D, the peak 964 



distribution of the generated molecules was also shifted to the right. This was due to 965 

the constraints on lipophilicity during the generation process of the DCT model, which 966 

resulted in the generated molecules generally having higher lipophilicity, thereby 967 

producing more molecules with multiple hydrogen bond acceptors. Additionally, as 968 

shown in Figures 5C and 5E, the distribution curves for the Length of SMIELS and 969 

Bertz complexity are all closely aligned with those of the original dataset, indicating 970 

that the generative model successfully preserved the key features of molecular size and 971 

structural complexity found in the training set. 972 

In Figure 5F, it could be observed that although the overall range of the molecules 973 

generated by DCT almost overlapped with the training set, the peak shifting to the right 974 

indicated that the molecules generated by DCT had higher synthetic accessibility 975 

compared to the training dataset. This aligned with the requirements set for the model 976 

during training, where constraints on synthetic accessibility were applied to promote 977 

the success of drug synthesis. 978 

RDKit was used to evaluate the validity of the 10,000 generated molecules and to 979 

remove any that did not pass validation. First, the SMILES strings of the generated 980 

molecules were converted into molecular objects. RDKit’s SMILES reading module 981 

was used to verify the format of the SMILES strings to ensure the correctness and 982 

consistency of the molecular descriptor symbols. The “SanitizeMol” function was then 983 

applied to standardize and check the validity of the molecular objects, ensuring they 984 

conformed to basic chemical rules. The “DetectChemistryProblems” module was used 985 

to identify and address any chemical issues present in the molecules. 986 

Attribute filtering 987 

Table 3. Performance of MDAM model 988 

TASK DATA_SIZE SCORE 

BBB 7,801 0.865 

SOL/LogS 31,099 1.108 

LogP 249,455 1.104 



QED 249,455 0.928 

SAS 249,455 1.062 

As shown in Table 3, the attribute model screening was trained and tested on five 989 

properties: BBB, LogS, LogP, QED and SAS. BBB was treated as a classification task, 990 

with the score evaluated using the F1 score, while the other tests were regression tasks, 991 

with scores represented as MSE scores. According to the results in Table 3, the 992 

screening model achieved high scores in predicting the five desired properties, 993 

indicating its reliable ability to screen potential PROTAC molecules. 994 

Case study in drug discovery 995 

The Wnt family was identified as a large family of secreted proteins, consisting of 996 

19 human proteins. As one of the representative signaling proteins of the Wnt family, 997 

it was widely distributed and played a crucial role in regulating pleiotropic cellular 998 

functions (self-renewal, proliferation, differentiation, and motility). The family was 999 

highly conserved and rich in cysteine residues. Wnt signaling proteins mediated their 1000 

signals by binding to cell membrane receptors and/or adjacent cell membrane receptors. 1001 

The Wnt signaling pathway was divided into the canonical pathway and the non-1002 

canonical pathway. Wnt3a, as the most representative signaling protein of the Wnt 1003 

family, was widely distributed and played a crucial role in regulating pleiotropic 1004 

cellular functions (including self-renewal, proliferation, differentiation, and motility). 1005 

The Wnt signaling pathway was a complex protein interaction network, with its 1006 

functions most commonly observed in embryonic development and cancer, but also 1007 

participating in the normal physiological processes of adult animals78. The Wnt/β-1008 

catenin signaling pathway was one of the most conserved pathways in evolution, 1009 

playing a key role in embryonic development, cell growth, differentiation, polarity 1010 

formation, neurodevelopment, and carcinogenesis79-81. In previous studies, Wnt3a was 1011 

found to play a crucial role in the early progression of liver cancer78, 82. 1012 

S-mol extraction 1013 



S-mol extraction was performed on the target protein Wnt3a, and then the Fusion 1014 

of Optimal FOTF-CPI prediction model was used to compare all S-mols from the 1015 

Molecular-S-mol library. The calculated SSI values were then ranked, and molecular S-1016 

mols with high affinity and their corresponding S-pros were selected based on specific 1017 

criteria. The selected SSI pairs and their corresponding affinities are presented in Table 1018 

4. 1019 

Table 4. The top 9 SSI pairs selected based on affinity ranking.  1020 

Index Wnt3a S-pro S-mol interaction 

1 
EGIKIGIQECQHQFRGRRWNCTTVHDSLAIFGPVLDK

ATRESAFVHAIASAGVAFAVTRSCAEGT 

CN[C@@H](C)C(=O)N[C@H](C(=O)N1CCC[C@H]
1C(=O)N[C@H](C(=O)OC)C(C1=CC=CC=C1)C1=C

C=CC=C1)C1CCCCC1 
0.972 

2 
CSEDIEFGGMVSREFADARENRPDA 

CC(=O)N[C@@H](CC1=CC=CC=C1)C(=O)N[C@H]
(C(=O)N1C[C@H](O)C[C@H]1C(=O)NCC1=CC=C(

C2=C(C)N=CS2)C=C1)C(C)(C)C 
0.963 

3 EGIKIGIQECQHQFRGRRWNCTTVHDSLAIFGPVLDK
ATRESAFVHAIASAGVAFAVTRSCAEGT 

O=C1CCC(N2C(=O)C3=CC=CC4=CC=CC(=C34)C2
=O)C(=O)N1 

0.884 

4 
RSAMNRHNNEAGRQAIASHMHLKCKCHGLSGSC 

CC(=O)N[C@H](C(=O)N1C[C@H](O)C[C@H]1C(=
O)N[C@@H](C)C1=CC=C(C(C)(C)C)C=C1)C(C)(C)

C 
0.872 

5 RSAMNRHNNEAGRQAIASHMHLKCKCHGLSGSC O=C1CCC(N2C(=O)C3=CC=CC=C3C2=O)C(=O)N1 0.871 
6 CSEDIEFGGMVSREFADARENRPDA O=C1CCC(N2C(=O)C3=CC=CC=C3C2=O)C(=O)N1 0.865 
7 

CSEDIEFGGMVSREFADARENRPDA 
CN[C@@H](C)C(=O)N[C@H](C(=O)N1CCC[C@H]
1C1=NC(C(=O)C2=CC=CC(OC)=C2)=CS1)C1CCCC

C1 
0.863 

8 
CSEDIEFGGMVSREFADARENRPDA 

CNC(=O)C[C@@H](NC(=O)[C@@H]1C[C@@H](O
)CN1C(=O)[C@@H](NC(=O)C1(F)CC1)C(C)(C)C)C

1=CC=C(C2=C(C)N=CS2)C=C1 
0.862 

9 

EGIKIGIQECQHQFRGRRWNCTTVHDSLAIFGPVLDK

ATRESAFVHAIASAGVAFAVTRSCAEGT 

CN[C@@H](C)C(=O)N[C@H](C(=O)N1CCC[C@H]

1C(=O)N[C@H](C(=O)OC)C(C1=CC=CC=C1)C1=C

C=CC=C1)C1CCCCC1 

0.861 

Molecules generation and screening 1021 

Based on the 9 selected SSI pairs, a total of 10,000 potential PROTAC molecules 1022 

were generated by the model, with 100 molecules generated per SSI pair. After 1023 

validation through RDKit, 9,802 molecules passed the initial screening. A total of 372 1024 

molecules were selected for wet experimental validation and screening based on criteria 1025 

including BBB, SOL(10–100 mg/mL), LogP(1–3), and QED(>0.5). Some of the 1026 

candidate molecules for wet experimental validation are listed in Table 5. 1027 

Reverse synthesis analysis was performed on these language model-driven 1028 

PROTAC candidate molecules, decomposing them into three parts: protein ligand 1029 



molecule, linker, and E3 ligase ligand, followed by further analysis of each component. 1030 

A comprehensive evaluation of the synthetic feasibility and cost efficiency of the 372 1031 

selected molecules was then conducted, focusing on the simplicity and feasibility of 1032 

their synthetic routes, whether special reagents or conditions were required, and overall 1033 

synthesis cost and efficiency. Preference was given to molecules requiring fewer 1034 

synthetic steps, lower costs, and those generated from high-affinity S-mols. Ultimately, 1035 

12 molecules were selected for further validation. 1036 

Table 5 provides a detailed description of the entire screening process. 1037 

Table 5: Screening process for PROTAC candidate compounds 1038 

Step Screening criteria Molecular number 

1 
Generated a total of 10,000 molecules using the 

generation model 

10,000 

2 RDKit validity check 9,802 

3 MDAM screening: TOX/BBB/SOL/LogP 798 

4 SAS 737 

5 QED/RO5 372 

6 Reverse synthesis analysis 12 

7 Molecular dynamics simulation of complexes 3 

8 Chemical synthesis 3 

Before proceeding with molecular synthesis, the generated PROTAC candidate 1039 

compounds were validated through molecular docking and molecular dynamics 1040 

simulations of the molecule-protein interaction. Based on the inverse synthesis results, 1041 

the three molecules with the best affinity were selected from the synthesizable 1042 

molecules for validation. After molecular docking and molecular dynamics validation, 1043 

three compounds that exhibited condition-driven behavior patterns were identified 1044 

during the molecular dynamics validation process. 1045 

Molecular dynamics simulation 1046 



 1047 

Figure 6. Analysis of the Wnt3a and CRBN complex with different Candidate PROTAC 1048 

ligands in MD simulations. (A) In MD01, RMSD curve, key residue binding energy contributions, 1049 

and SASA analysis for the first Candidate PROTAC compound (Candidate compound 1). (B) In 1050 

MD02, RMSD, binding energy, and SASA analysis for the second Candidate PROTAC compound 1051 

(Candidate compound 2). (C) In MD03, RMSD, binding energy, and SASA analysis for the third 1052 

Candidate PROTAC compound (Candidate compound 3). 1053 

Figure 6A presented the molecular dynamics results for the first Candidate 1054 

PROTAC compound (Candidate compound 1) with the Wnt3a-CRBN complex, in 1055 



simulation MD01. This included RMSD, binding energy contributions, and SASA 1056 

analyses. 1057 

In MD01, the RMSD curve stabilized quickly after a minor initial fluctuation, 1058 

indicating that Candidate compound 1 achieved a stable and lasting binding at the site. 1059 

This stability suggested good conformational adaptation and affinity. 1060 

Binding Energy Contributions (MM-PBSA): Residues W382, Y21, and P101 1061 

showed substantial negative binding energy, suggesting they played a critical role in 1062 

stabilizing Candidate compound 1. In particular, W382 likely formed hydrophobic or 1063 

van der Waals interactions, providing robust anchoring. 1064 

The SASA showed a sharp initial decline, suggesting that Candidate compound 1 1065 

induced a close-fitting structural arrangement. The significant reduction implied a well-1066 

fitted insertion into the binding pocket. 1067 

Figure 6B displayed the molecular dynamics results for the second Candidate 1068 

PROTAC compound (Candidate compound 2) with the Wnt3a-CRBN complex, in 1069 

simulation MD02. This included RMSD, binding energy contributions, and SASA 1070 

analyses. 1071 

RMSD Analysis: In MD02, the RMSD curve showed some fluctuations, 1072 

indicating a degree of flexibility for Candidate compound 2 within the binding site. 1073 

However, the fluctuations remained within a stable range, suggesting maintained 1074 

binding. 1075 

Binding Energy Contributions (MM-PBSA): Residues W388 and H380 showed 1076 

significant binding energy contributions, suggesting stable interactions with Candidate 1077 

compound 2. Despite RMSD fluctuations, these residues’ contributions indicated 1078 

favorable binding potential. 1079 

SASA Analysis: The SASA curve showed a moderate initial decrease, indicating 1080 

that Candidate compound 2 achieved a compact structure within the complex, with 1081 

stability over time. 1082 

Figure 6C showed the molecular dynamics results for the third Candidate PROTAC 1083 

compound (Candidate compound 3) with the Wnt3a-CRBN complex, in simulation 1084 

MD03. This included RMSD, binding energy contributions, and SASA analyses. 1085 



RMSD Analysis: In MD03, the RMSD stabilized rapidly with minimal 1086 

fluctuations, suggesting that Candidate compound 3 maintained a strong, stable 1087 

interaction at the binding site, indicating high affinity and conformational fit. 1088 

Binding Energy Contributions (MM-PBSA): Residues N353 and L103 made 1089 

notable contributions to binding stability, suggesting that these residues supported high 1090 

affinity for Candidate compound 3 through hydrogen bonds or hydrophobic interactions. 1091 

SASA Analysis: The SASA curve decreased significantly at first, then stabilized, 1092 

indicating that Candidate compound 3 induced a compact structure within the complex, 1093 

supporting enhanced binding stability. 1094 

The molecular dynamics simulations of the Wnt3a and CRBN complex with the 1095 

three Candidate PROTAC compounds revealed distinct interactions and stability across 1096 

each complex. RMSD analysis demonstrated that all three PROTAC compounds 1097 

achieved stable interactions within the binding site, with Candidate compound 1 and 1098 

Candidate compound 3 showing particularly high binding stability. MM-PBSA energy 1099 

analysis further identified key residues contributing significantly to binding free energy, 1100 

with residues such as W382, Y21, P101, N353, and L103 playing critical roles in 1101 

stabilizing the different complexes. Additionally, SASA analysis indicated that the 1102 

binding of the Candidate PROTAC compounds induced compaction of the complex 1103 

structure, forming tighter conformations, especially with the first and third compounds. 1104 

Overall, the three Candidate PROTAC compounds exhibited favorable binding 1105 

effects with the Wnt3a and CRBN complex, with Candidate compound 1 and Candidate 1106 

compound 3 demonstrating superior characteristics in binding stability, energy 1107 

contributions, and structural compactness. These findings provided valuable structural 1108 

insights and theoretical support for further optimization and selection of PROTAC 1109 

compounds in drug design and development. Additional details on the molecular 1110 

dynamics simulations can be found in Supplementary Information Figure S1. 1111 

Chemical synthesis 1112 

Molecule synthesis: Amide condensation was utilized with mild conditions, high 1113 

reaction activity, and high yield for splicing. Protein ligand molecules were selected 1114 

manually based on screening results, choosing rational molecules for synthesis. 1115 



However, due to synthetic limitations, only two compounds were successfully 1116 

confirmed by NMR, verifying that their structures were as expected. 1117 

The synthesized molecules are shown in Figure 7. Detailed NMR spectra can be 1118 

found in the supporting information, Figures S2 and S3. 1119 

 1120 

 1121 

Figure 7. Synthesis of Candidate Compounds 1, 2 1122 

In vitro validation 1123 

 1124 

Figure 8. Western blot analysis of dose-dependent degradation of target protein by Candidate 1125 

compounds 1, 2. 1126 

As seen in Figure 8, the Western Blot results showed the degradation effects of 1127 

three candidate PROTAC compounds on Wnt3a protein at various concentrations. 1128 

GAPDH bands served as a loading control, ensuring equal protein loading across all 1129 

samples. 1130 

For Candidate Compound 1, a dose-dependent reduction in Wnt3a levels was 1131 

observed, starting from 0.16 µM and becoming more pronounced up to 5 µM. The 1132 

gradual decrease in band intensity suggested that Candidate Compound 1 had potential 1133 

as an effective Wnt3a degrader. 1134 



Candidate Compound 2 showed a decrease in Wnt3a levels, with a notable effect 1135 

beginning at 5 µM. However, the reduction in band intensity was not as substantial or 1136 

consistent as that of Candidate Compound 1, indicating that while it may have had some 1137 

effect, its efficacy was comparatively limited at the tested concentrations. 1138 

In summary, Candidate Compound 1 emerged as the most promising PROTAC 1139 

candidate for Wnt3a degradation, whereas Candidate Compounds 2 showed limited 1140 

degradation potential under the same conditions. 1141 

 1142 

Figure 9. Timeline and Workflow of the PROTAC molecule design and validation in LM-1143 

PROTAC. 1144 

As shown in Figure 9, the entire process of LM-PROTAC, from PROTAC 1145 

molecule design to experimental validation, was completed in approximately 50 days. 1146 

Typically, a drug discovery workflow based on artificial intelligence involved 1147 

significant upfront time for code writing and GPU training/testing, which was not 1148 

accounted for in the generation process time calculation. This time was not re-spent 1149 

during the subsequent validation and testing phases. The experiments were conducted 1150 

in an environment with a 3960X@4.2GHz CPU, A6000*2 with NVLINK, 128GB 1151 

DRAM, and Ubuntu 20.04 LTS. The process time was the actual runtime recorded in 1152 

the mentioned software and hardware environment. 1153 

Module I: Target Identification and Data Preprocessing. This involved 1154 

obtaining relevant target information, including protein sequence information. In the 1155 

generation and screening of S-mol libraries, the computer played a key role. 1156 

Segmentation and comprehensive screening of all compounds in the ZINC dataset were 1157 

performed, which took approximately 0.5 days. 1158 

Module II: Protein-Compound Segment Affinity Screening and Red 1159 

Screening. Screening for protein-compound segment affinity took 2 days to identify 1160 



high SSI pairs. Subsequently, a red screening was performed for the top-ranked SSI 1161 

pairs, consuming 3 days. 1162 

Module III: Molecules Generation by DCT model In the subsequent molecular 1163 

generation work, 10,000 molecules were generated in 12 days. 1164 

Module IV: The multidimensional attribute screening of these molecules took 3 1165 

days, entirely performed automatically by the computer without manual intervention. 1166 

The selected molecules from this module were synthesized and validated for their 1167 

activity as PROTAC drugs in wet experiments, which required an additional 28 days 1168 

for further verification. 1169 

The above work constituted a complete solution and was the main workflow for 1170 

subsequent target-based PROTAC design efforts. 1171 

The DCT method proposed in this paper significantly enhanced the efficiency and 1172 

accuracy of molecular generation by combining S-mols generation techniques with 1173 

language model-driven molecular generation. The uniqueness of DCT lay in its ability 1174 

to consider the physicochemical properties of molecules and the specific requirements 1175 

of the target protein during the generation process, enabling multi-dimensional 1176 

screening and optimization at the generation stage. This integrated generation and 1177 

screening mechanism greatly reduced the production of inactive molecules, improved 1178 

computational efficiency, and enhanced the bioactivity of the molecules. This approach 1179 

was particularly well-suited for generating complex molecules that required precise 1180 

targeted design, such as PROTAC molecules. 1181 

Limitations 1182 

Based on the experience gained in this study, the efficiency of molecular 1183 

generation is low, and it is difficult to improve the molecular diversity of PROTAC 1184 

molecules based on similar compound skeletons. Improvement of molecular diversity 1185 

is being pursued by expanding the number of molecular segment scaffolds. 1186 

Simultaneously, efforts are being directed towards enhancing the accuracy of the CPI 1187 



prediction model to avoid situations where molecules synthesized after screening 1188 

exhibit lower activity. 1189 

Conclusions 1190 

This study presents a de novo language model-driven PROTAC drug generation 1191 

method that incorporates dual constraints on S-mol structure and physicochemical 1192 

properties based on encoding proteins and compound molecules using the C-1193 

Transformer model. Utilizing the FOTF-CPI model to screen S-mols, S-mols were 1194 

identified with high affinity for the target Wnt3a. Leveraging these screened S-mols and 1195 

a generative model, a large number of potential candidate compounds that meet the 1196 

desired criteria were generated. Further refinement of these potential candidates was 1197 

performed using an attribute selection model to obtain drugs with specific compound 1198 

properties. The two most promising compounds were synthesized, and additional wet 1199 

experiments were conducted. The results from the molecular to the cellular level 1200 

confirmed that one of the three compounds showed inhibitory effects on cancer cells. 1201 

In comparison to conventional PROTAC generation research, this study employs a 1202 

molecular splitting approach from the perspective of NLP, enabling the extraction of 1203 

basic molecular S-mols that align with chemical spatial features from a textual 1204 

understanding. Additionally, the screened molecules, without further optimization 1205 

through traditional computational drug discovery methods such as molecular dynamics 1206 

simulations, demonstrated high activity. This approach reduces manual operations in 1207 

the overall drug development pipeline, allowing the generation and screening of 1208 

compliant PROTAC compounds within 18 days. In conclusion, NLP technology 1209 

provides greater flexibility and automation in PROTAC design. Through segmentation 1210 

processing, NLP can generate multiple potential candidate molecules in a short time, 1211 

reducing the need for significant manual intervention. This method significantly 1212 

enhances the efficiency of PROTAC molecule design, particularly for targets that lack 1213 

traditional binding pockets. Thus, NLP technology holds great potential for the future 1214 

development of PROTACs. In the actual molecular generation process, the language 1215 



model-driven dual-constraint PROTAC generation model can rely entirely on 1216 

automated computer execution for generation and screening procedures. This program 1217 

can generate multiple potential compounds meeting the criteria within 20 days without 1218 

human intervention. These compounds will be further chemically synthesized to 1219 

validate their inhibitory activity against Wnt3a. 1220 

List of abbreviations 1221 

Table 6: List of Abbreviations 1222 

Abbreviation Full Term 

DCT Dual Constraints Transformer 

POI protein of interest  

UPS Ubiquitin-proteasome System  

AdPROMs Affinity-directed Protein Missile systems  

AI Artificial Intelligence 

NLP Natural Language Processing  

VAE Variational AutoEncoder  

GF Generative Flow  

AAE  Adversarial Autoencoders  

QSAR Quantitative Structure–Activity Relationship  

C-Transformer  Conditional Transformer  

FOTF-CPI  Transport Fragments Compound-Protein Interaction  

SSI pairs  S-pro-S-mol Interaction Pairs  

MDAM Multi-Dimensional Attention Mechanism  

BPE Byte Pair Encoder  

VOLT  Vocabulary Learning via Optimal Transport  

FCD  Fréchet ChemNet distance  

KL Divergence Kullback-Leibler  

TPSA Topological Polar Surface Area 

FCS Frequent Consecutive Subsequence 



MAE  Mean Absolute Error  

SAS Synthetic Accessibility Score  

QED Quantitative Estimate of Drug-likeness  

HBD hydrogen bond donors 

PSA polar surface area 

AR aromatic rings 

SD Standard Deviation 

BBB blood-brain barrier permeability  

RMSF  Root Mean Square Fluctuation  

Rg Radius of Gyration 

SASA Solvent Accessible Surface Area 
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