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Abstract 23 

Recent advancements in artificial intelligence have demonstrated great potential in 24 

accelerating drug discovery by exploring vast chemical spaces and predicting 25 

molecular properties. However, conventional molecular generation models have 26 

limitations in reflecting desired molecular structures, as they often fail to incorporate 27 

specific structural constraints or target properties directly into the generation process. 28 

To overcome these limitations, we propose a novel framework that integrates a 29 

transformer-based generative model and a graph attention network-based predictive 30 

model. The generative model produces molecules with desired structural 31 

characteristics by explicitly incorporating scaffold information, while the predictive 32 

model estimates the biological activity of the generated molecules. A cyclic learning 33 

structure enables the generative and predictive models to interact iteratively, 34 

facilitating continuous evaluation and feedback during training. In addition, a multi-35 

stage tournament selection with experience memory guides the subsequent training 36 

process. Our approach accelerates the identification of scaffold-consistent, high-37 

affinity candidates by exploring novel chemical variations around a user-specified 38 

scaffold. Experimental results show that the proposed scaffold-aware transformer 39 

achieves competitive validity, uniqueness, and novelty, and effectively generates 40 

novel compounds with high predicted binding affinity for biological targets. An 41 

attention-based analysis extracts atom-level importance scores and highlights the 42 

substructures that contribute to the predicted binding affinity, providing interpretable 43 

insights into structure-activity relationships. This study provides a practical and 44 

interpretable tool for scaffold-conditioned molecular generation. 45 
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 49 

Introduction 50 

Drug development is a complex and resource-intensive process that faces multiple 51 

interconnected challenges. The conventional drug development pipeline takes 10–15 52 

years from concept to approval and costs billions of dollars [1]. In particular, 53 

designing molecular structures in the early stages is a challenging task because the 54 

chemical search space for new molecules is vast [2]. The number of potential drug-55 

like molecules is estimated to be around 1060, yet only about 108 molecules have 56 

been synthesized to date [3]. Despite extensive screening efforts in which thousands 57 

of candidate compounds are synthesized, only a small fraction possesses sufficient 58 

biological activity and safety to advance into clinical trials [4]. The challenges persist 59 

even at later stages, with approximately 90% of drug candidates that enter clinical 60 

testing ultimately failing due to insufficient efficacy, toxicity, or lack of drug-like 61 

properties [5]. These issues underscore the urgent need for diverse drugs and 62 

improved discovery strategies [6-9]. 63 

Artificial intelligence is emerging as a means to overcome the limitations of 64 

molecular design by accelerating the exploration of the vast chemical space, reducing 65 

the time and cost required to derive candidate substances [1, 2, 10-13]. De novo 66 

molecular design is a computational paradigm for generating novel chemical 67 

structures with desired properties. Recently, research efforts to apply generative 68 
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models have been actively pursued in this field [14-17]. These approaches leverage 69 

generative models to learn the distribution of molecules with target-specific activity 70 

and to sample novel chemical structures [17]. They can discover promising candidate 71 

substances much faster and more efficiently than traditional synthetic chemistry 72 

methodologies. Many of these approaches utilize the Simplified Molecular Input 73 

Line Entry System (SMILES), a text-based representation that encodes molecular 74 

structures as strings, enabling the application of natural language processing 75 

techniques to chemistry [18]. Generative models trained on SMILES can learn 76 

chemical syntax and generate syntactically valid molecules, with some frameworks 77 

incorporating reinforcement learning or evolutionary algorithms to optimize 78 

generated compounds [19, 20]. However, most traditional molecular generation 79 

models either evaluate the properties of generated molecules separately or cannot 80 

directly incorporate target properties during the generation process. To address this 81 

limitation, a previous study proposed a framework that optimizes generated 82 

molecules by utilizing tournament selection and experience memory [15]. By 83 

integrating generative and predictive models, this approach enables property 84 

prediction during generation and provides a method to learn optimized distributions 85 

of bioactive molecules. However, this approach still has the limitation that it cannot 86 

explicitly control the scaffold structure. In medicinal chemistry, the scaffold is the 87 

core framework that defines molecular topology and guides key substituent vectors. 88 

Early selection and explicit control of the scaffold are central to steering potency, 89 

selectivity, and developability, because scaffold changes are labor intensive and 90 
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often erode activity [21, 22]. Without such scaffold control, the generated molecules 91 

may lack the structural characteristics necessary for lead quality. 92 

To address these limitations, we propose a scaffold-aware generative framework 93 

that integrates structural control with continuous bioactivity optimization. Our 94 

approach integrates a transformer-based generative model and a graph attention 95 

network (GAT)-based predictive model in a cyclic learning architecture [15, 23, 24]. 96 

Scaffold information is integrated into generation through multi-scale attention, and 97 

the model reflects scaffold. This mechanism enables simultaneous control of local 98 

atom-bond neighborhoods and global scaffold topology. The GAT-based predictive 99 

model estimates the biological activity of generated molecules. Through iterative 100 

interaction between the generator and predictor, the framework enables continuous 101 

evaluation and refinement throughout the training process. In addition, a tournament-102 

based selection mechanism with experience memory directs subsequent learning 103 

iterations. The framework allows for the exploration of new variations while 104 

maintaining the core structure of the molecule. 105 

 106 

Materials and methods  107 

Datasets 108 

This study utilizes two distinct types of datasets: a molecular design benchmark 109 

dataset for training the generative model and a biological activity-labeled dataset for 110 

training the predictive model. The statistical characteristics of the datasets are 111 

summarized in Table 1. 112 

 113 
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Table 1. Statistical overview of the datasets utilized in this study 114 

Datasets Model Train Validation Test Total 

GuacaMol Generator 1,260,532 78,762 236,374 1,575,668 

KOR Predictor 2,674 573 574 3,821 

PIK3CA Predictor 1,023 219 220 1,462 

 115 

We used the molecular design benchmark dataset, GuacaMol, for training the 116 

generative model [25]. GuacaMol comprises 1,591,378 molecules extracted from the 117 

ChEMBL database [26]. Data preprocessing for training the generator was performed 118 

as follows. First, SMILES strings were standardized and deduplicated to enhance the 119 

training efficiency of the generative model. Second, Bemis-Murcko scaffolds were 120 

extracted from each SMILES string to identify the core structural framework of the 121 

molecules [27]. RDKit was used in both steps [28]. To ensure structural consistency 122 

and relevance, we removed molecules from the dataset for which scaffolds could not 123 

be extracted—typically those with simple linear structures or lacking a basic 124 

framework. Third, we defined a vocabulary to facilitate tokenization of SMILES in 125 

the model [29]. Fourth, we defined and applied a regular expression pattern to 126 

tokenize SMILES strings into meaningful units [30]. Since SMILES includes a wide 127 

range of chemical symbols and bond representations, precise tokenization is crucial 128 

for the model to learn molecular structural information. Fifth, special tokens—[SOS] 129 

(start of sequence) and [EOS] (end of sequence)—were appended to each tokenized 130 

SMILES string to clearly denote the beginning and end of each molecular sequence. 131 

Finally, padding tokens were added to ensure that all SMILES strings within the 132 
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dataset had uniform lengths. This uniformity was necessary for efficient batch 133 

processing during model training, allowing the generator to handle sequences of 134 

consistent dimensions. 135 

We used biological activity datasets for KOR (κ-opioid receptor) and PIK3CA 136 

(Phosphatidylinositol 3-Kinase Catalytic Subunit Alpha). Both datasets were sourced 137 

from preprocessed sets provided by previous study [15]. The original preprocessing 138 

pipeline comprised SMILES canonicalization and removal of tokens that were absent 139 

from the vocabulary. For example, tokens such as '[Br-]', '[I-]', and '[Cl-]' were 140 

removed. Additionally, when a compound had multiple bioactivity measurements, 141 

the median value was chosen as its representative label. For KOR, bioactivity was 142 

supplied as pIC50. For PIK3CA, bioactivity values were provided as pKi and pKd—143 

metrics that represent the negative logarithms of the inhibition (Ki) and dissociation 144 

(Kd) constants, respectively [31-33]. To enable unified activity prediction, the pKi 145 

and pKd values were merged into a single measure, pKx. Activity thresholds were 146 

established to distinguish between active and inactive compounds. For KOR, 147 

molecules with a pIC50 value of 7.0 or higher were classified as active, and for 148 

PIK3CA, molecules with a pKx value of 8.0 or higher were classified as active [15].  149 

 150 

Framework architecture  151 

An overview of the framework's architecture is presented in Fig. 1. This study 152 

focuses on the interaction between the generative and predictive models. The 153 

generative model produces new SMILES based on input scaffolds. The predictive 154 

model evaluates the generated molecules by estimating their binding affinities. 155 
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Molecules with high predicted binding affinity are selected and fed back into the 156 

training process. Thus, the generation and prediction processes alternate iteratively, 157 

progressively optimizing toward high-affinity molecular candidates. 158 

 159 

Fig. 1. Overall training framework with pre-training and fine-tuning. (a) Pre-training phase. 160 

The generator is trained on SMILES and the corresponding scaffolds, while the predictor is 161 

trained on bioassay datasets. (b) Fine-tuning phase. The generator samples candidate 162 

SMILES and the experience memory extracts previously stored SMILES; together they form 163 

a SMILES pool. A multi-stage tournament selection is then applied to the pool to obtain 164 

selected SMILES, which are used to retrain the generator and to update the experience 165 

memory. 166 

 167 

Generative model 168 

The generative model is based on the transformer architecture, which utilizes a 169 

self-attention mechanism to process sequential data (Fig. 2). The transformer 170 

overcomes the limitations inherent in conventional sequence models, such as RNN 171 
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and LSTM, by enabling parallel processing [23, 34, 35]. This effectively addresses 172 

long-term dependency issues. The core of the transformer is its attention mechanism, 173 

which learns how various positions in the input sequence relate to one another, 174 

allowing the model to focus on important information. Each input token is converted 175 

into three vectors, including query, key, and value. The attention score is derived by 176 

first calculating the dot product of the query and key vectors, then normalizing the 177 

result with the softmax function. The final representation for each token is obtained 178 

by multiplying the normalized attention scores with the value vectors. This process 179 

can be represented by the following formula: 180 

𝐴(𝑄, 𝐾, 𝑉) =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝐾𝑇)𝑉 (1) 181 

In Equation 1, 𝐴(𝑄, 𝐾, 𝑉) is the attention value, 𝑄 is the query vector, 𝐾 is the key 182 

vector, 𝑉 is the value vector. This mechanism operates in parallel across multiple 183 

attention heads.  184 
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 185 

Fig. 2. The architecture of generative model. Input SMILES and scaffolds are converted into 186 

numerical representations through token embedding. For scaffolds, multi-scale attention 187 

extracts structural features at different scales. Both inputs are combined with positional 188 

embeddings to preserve sequential information before being fed into the generator. The 189 

generator comprises multiple decoder blocks, each containing layer normalization, multi-190 

head attention, and feed-forward network with residual connections. Output is the sampled 191 

from the generator. 192 

 193 

The input SMILES and scaffolds are converted into token embeddings. For 194 

scaffold inputs, we introduced a multi-scale attention mechanism to effectively 195 

generate molecules with desired structural characteristics [36]. This mechanism 196 

extracts structural information from the scaffold at various scales and incorporates it 197 

into the model. For example, when the scale is 1, the original scaffold embedding is 198 
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used; when the scale is 2, grid sampling is applied to reduce its length by half; and 199 

when the scale is 4, the length is reduced one-quarter. In this study, scales of 1, 2, 200 

and 4 were used to consider both local and global patterns of the scaffold. The 201 

attention outputs at each scale are linearly interpolated back to the original scaffold 202 

embedding length. Subsequently, their mean is computed to provide an integrated 203 

scaffold attention representation. This process can be formulated as follows: 204 

𝑋𝑠 = 𝐷𝑜𝑤𝑛𝑠𝑎𝑚𝑝𝑙𝑒(𝑋𝑠𝑐𝑎𝑓𝑓𝑜𝑙𝑑, 𝑠) (2) 205 

𝑍 =
1

3
∑ 𝐼𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑒

𝑠∈{1,2,4}

(𝑀𝐻𝐴𝑠(𝑋𝑠), 𝐿) (3) 206 

In Equations 2 and 3, 𝑋𝑠𝑐𝑎𝑓𝑓𝑜𝑙𝑑 represents the scaffold token embeddings, 𝑠 denotes 207 

the scale factor, 𝑋𝑠 is the downsampled scaffold embedding at scale 𝑠, 𝑀𝐻𝐴𝑠 is the 208 

multi-head attention operation at scale 𝑠 , and 𝐿  is the original scaffold sequence 209 

length. Positional encoding is then employed to provide the model with information 210 

about the order of the sequence. The token embeddings and positional embeddings 211 

are combined and used as inputs to the generator. 212 

The generator consists of multiple transformer decoder blocks. In each decoder 213 

block, the multi-head attention enables the learning of relationships between each 214 

position in the input sequence and other positions simultaneously across various 215 

representation spaces. Following the multi-head attention layer, a feed-forward 216 

neural network is applied, consisting of two linear transformations and a gaussian 217 

error linear unit function placed in between [37]. Layer normalization is employed 218 

before each sub-layer to normalize the input features. Additionally, residual 219 

connections are incorporated around each sub-layer, which mitigate the vanishing 220 
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gradient problem and improve information flow through the network. The focal loss 221 

is applied to mitigate class imbalance and improve training efficiency [38]. During 222 

the molecular generation, certain tokens or patterns may appear disproportionately 223 

frequently, and focal loss mitigates this imbalance by down-weighting these frequent 224 

cases. The focal loss function is defined as follows: 225 

𝐹𝐿(𝑝
t
)  =  −𝛼 ×  (1 − 𝑝

𝑡
)𝛾  ×  𝑙𝑜𝑔(𝑝

𝑡
) (4) 226 

In Equation 4, 𝑝𝑡 is the predicted probability for the target class. 𝛼 is the weighting 227 

factor that addresses class imbalance by assigning more weight to the minority class. 228 

𝛾 is the focusing parameter; it functions to reduce the weighting on well-classified 229 

samples and increase the weighting on misclassified samples. The SMILES sequence 230 

generation process is described in Section 1 and Fig. S1 of Supplementary materials. 231 

 232 

Predictive model 233 

The predictive model consists of three GAT convolutional layers and fully 234 

connected layers (Fig. 3). SMILES strings are converted into graph form, where 235 

atoms serve as nodes and bonds as edges. Each node in the graph has a vector 236 

representing the features of that atom, such as atom type, charge state, and other 237 

physicochemical properties. These graph representations are then fed into 238 

the predictor. Each GAT convolutional layer learns interactions between nodes from 239 

multiple perspectives through a multi-head attention mechanism, effectively 240 

capturing complex features of the molecular structure. The core of GAT involves 241 

calculating attention coefficients that determine the importance of neighboring nodes 242 

when updating a node's feature vector [24]. This is accomplished by first applying a 243 
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linear transformation to each node feature vector and then computing attention scores 244 

between neighboring nodes. The attention scores are then normalized and used to 245 

weight the feature vectors of neighboring nodes, which are subsequently aggregated 246 

to update the node's feature vector. The ReLU activation function is applied after 247 

each GAT layer. Additionally, dropout is used to prevent overfitting. After the three 248 

GAT layers, global max pooling is performed to extract a graph-level feature vector, 249 

which is then passed through fully connected layers to yield the final prediction. 250 

During training, labeled SMILES data are used to predict the binding affinity 251 

between molecules and targets. Techniques such as weight decay and learning rate 252 

scheduling are applied during training. The mean squared error (MSE) is used as the 253 

loss function to formulate the task as a regression problem. The MSE quantitatively 254 

evaluates the model’s prediction performance by squaring and averaging the 255 

differences between predicted and true activity values. It is defined as: 256 

𝑀𝑆𝐸 =  
1

𝑛
 ∑(𝑦𝑖  −  𝑦̂𝑖)2

𝑛

𝑖=1

 (5) 257 

In Equation 5, 𝑛 is the total number of samples, 𝑦𝑖 is the true activity value of the 𝑖-258 

th sample, and 𝑦̂𝑖 is the predicted activity value for the 𝑖-th sample. By minimizing 259 

the MSE, the predictor updates its parameters to improve activity predictions, 260 

gradually reducing the loss. 261 

 262 
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 263 

Fig. 3. Workflow of molecular prediction. The prediction process begins by converting input 264 

SMILES strings into molecular graphs. These graphs are passed through multiple GAT 265 

convolutional layers, which extract graph-level features. Features are processed with global 266 

max pooling and then fed to fully connected layers for binding affinity prediction. 267 

 268 

Fine-tuning process and tournament selection 269 

The fine-tuning process utilizes a framework that integrates generative and 270 

predictive models, with experience memory and tournament selection as its core 271 

components (Fig. 4). Experience memory serves as a repository for molecules. 272 

Initially, the experience memory is populated with unique, chemically valid 273 

molecules generated by the generative model before the fine-tuning loop begins. In 274 

the fine-tuning loop, the final winning molecules from tournament selection are 275 

stored in the experience memory. The competitor pool is formed by merging 276 

SMILES sampled from the generator with an equal number sampled from the 277 

experience memory. Tournament selection is used as a strategy to select superior 278 

molecules from the pool of sampled candidates [15]. At each stage, molecules 279 

compete based on specific criteria, and the winners survive to the next stage. The 280 

tournament selection process consists of three stages: the first stage evaluates the 281 
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predicted binding affinity of the molecules; the second stage evaluates the negative 282 

log-likelihood from the generator; and the third stage evaluates the positive log-283 

likelihood from the prior model. In each stage, two molecules are randomly selected 284 

from the pool, and the molecule with the higher score is selected as the winner. The 285 

winner advances to the next stage and the loser is excluded, so that only half of the 286 

molecules survive at each stage. This iterative process enables the generator to focus 287 

on molecules with high binding affinities. The framework allows the generator to 288 

explore new molecular structures while maintaining structural features that 289 

contribute to high biological activity. 290 

 291 

 292 

Fig. 4. The flowchart of fine-tuning. SMILES generated by the generator are combined with 293 

SMILES sampled from the experience memory to form the competitor pool. Then, through 294 

three stages of tournament selection, the final SMILES are selected. The selected SMILES 295 

are used to retrain the generator and update the experience memory. 296 

 297 

Evaluation metrics 298 

Performance evaluation in de novo molecular design uses metrics that differ from 299 

those employed in traditional machine-learning tasks such as regression and 300 
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classification. In this study, we used eight metrics, grouped into two categories: (1) 301 

generative quality metrics and (2) distribution similarity metrics. Generative quality 302 

metrics include validity, uniqueness, novelty, internal diversity, and predicted 303 

bioactivity (PredAct), while distribution similarity metrics include pairwise similarity 304 

(PwSim), fréchet chemnet distance (FCD), and optimal transport distance (OTD). 305 

The generative quality metrics are defined as follows: 306 

𝑉𝑎𝑙𝑖𝑑𝑖𝑡𝑦 =
𝑉

20000
  (6)                                            307 

𝑈𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠 =  
𝑈

𝑉
  (7) 308 

𝑁𝑜𝑣𝑒𝑙𝑡𝑦 =  
𝑇

𝑈
  (8) 309 

𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙 𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 =  
1

|𝑉1000|2
  ∑  

𝑚1∈𝑉1000,𝑚2∈𝑉1000

1 − 𝑠𝑖𝑚(𝑚1, 𝑚2)  (9) 310 

Validity assesses whether the generated molecules are chemically valid. In this 311 

process, RDKit was used [28]. We generated 20,000 molecules and calculated the 312 

proportion (𝑉 ) of SMILES representing chemically valid structures. Uniqueness 313 

measures the diversity of the generated SMILES and is expressed as the ratio (𝑈) of 314 

unique molecules among the valid set (𝑉). A low uniqueness score suggests that the 315 

model repeatedly generates the same molecules, indicating a limited capacity for 316 

learning the distribution. Novelty is defined as the proportion (𝑇) of valid, unique 317 

molecules that do not exist in the training dataset. A low novelty score indicates that 318 

the model is overfitting. Internal diversity assesses structural diversity within the 319 

generated SMILES. Among the valid molecules, 1,000 molecules were randomly 320 

selected, and the similarity between these molecules was calculated using the 321 

Tanimoto similarity. In Equation 9, 𝑠𝑖𝑚(𝑚1, 𝑚2) represents the Tanimoto similarity 322 
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between molecules 𝑚1  and 𝑚2 , calculated using their Morgan fingerprint with a 323 

radius of 2 and 2048 bits. 𝑉1000 represents the subset of 1,000 randomly selected 324 

molecules from 𝑉 . PredAct is defined as the average predicted bioactivity of 325 

molecules generated by the model. The distribution similarity metrics are defined as 326 

follows: 327 

𝑃𝑤𝑆𝑖𝑚 =
1

|𝑉1000||𝑇|
∑  

𝑚1∈𝑉1000, 𝑚2∈𝑇
𝑠𝑖𝑚(𝑚1, 𝑚2)  (10) 328 

𝐹𝐶𝐷 = || 𝜇𝑣  −  𝜇𝑇  ||2 + 𝑇𝑟(𝐶𝑉  + 𝐶𝑇  − 2(𝐶𝑉𝐶𝑇)1/2)  (11) 329 

𝑂𝑇𝐷 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑇∈𝑅 ∑  
𝑥𝑖∈𝐴 ,𝑦𝑗∈𝐵

𝑇𝑖𝑗𝑑𝑖𝑠𝑡(𝑥𝑖, 𝑦𝑗)  (12) 330 

𝑑𝑖𝑠𝑡(𝑥𝑖, 𝑦𝑗) = 101−𝑠𝑖𝑚(𝑥𝑖,𝑦𝑗) − 1  (13)                                    331 

PwSim measures the average pairwise similarity between the generated SMILES and 332 

active molecules in the test dataset (Equation 10). In this equation, 𝑇 denotes the set 333 

of target active molecules in the test set. FCD measures the difference between two 334 

probability distributions, specifically between the generated molecule set and the 335 

target molecule set, using the Fréchet distance (Equation 11). This metric quantifies 336 

how dissimilar the two sets are by comparing the means and covariance of their 337 

distributions, assuming both follow gaussian distributions. Here, 𝜇𝑉 and 𝜇𝑇 represent 338 

the means of the feature vectors for the generated molecule set 𝑉  and the target 339 

molecule set 𝑇, respectively, while 𝐶𝑉 and 𝐶𝑇 represent their covariance matrices. 𝑇𝑟 340 

represents the trace of a matrix, which is the sum of its diagonal elements. OTD 341 

calculates the optimal transport cost between the two probability distributions of the 342 

generated molecule set and the target molecule set, thereby measuring the distance 343 

between them. This method is defined in terms of the similarity between probability 344 
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distributions. Higher similarity results in lower OTD values (Equation 12). In this 345 

formulation, 𝑇𝑖𝑗  represents the amount of mass transported from molecule 𝑥𝑖  to 346 

molecule 𝑦𝑗 . 𝑅  is the set of all possible transport plans between the generated 347 

molecule set 𝐴 and the target active set 𝐵. 𝑑𝑖𝑠𝑡 (𝑥𝑖, 𝑦𝑗) represents the distance used 348 

for OTD calculation. The performance evaluation metrics used in this study are 349 

similar to those used in previous studies [2, 15]. Except for OTD and FCD, higher 350 

metric values indicate better performance. 351 

 352 

Results 353 

Performance of pre-trained generator and predictor 354 

We evaluated the performance of the pre-trained generative and predictive models 355 

before fine-tuning. Specifically, we enhanced the basic SMILES generation 356 

capability of the generative model by experimenting with different loss functions and 357 

applying multi-scale attention mechanism. We also adjusted the temperature 358 

parameter to control sampling stochasticity and identified the optimal balance 359 

between validity and uniqueness during SMILES generation. We conducted an 360 

ablation study that evaluated how each module affected the generator's ability. The 361 

results provided insights into how these modifications affected the model's 362 

performance in terms of validity, uniqueness, and novelty. 363 

We randomly selected 50 scaffolds from the test set as input conditions to 364 

comprehensively evaluate the model’s generalization capability. We generated 365 

10,000 SMILES for each scaffold and evaluated the resulting molecules using the 366 
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chosen metrics. The performance for SMILES generated from each scaffold is 367 

presented in Table 2, showing the top 10 scaffolds. Across all scaffolds, the pre-368 

trained generator achieved validity greater than 0.9, uniqueness greater than 0.9, and 369 

novelty of 1.0. Additionally, it achieved an average validity of 0.968, uniqueness of 370 

0.966, and novelty of 1.0. The generator’s performance varied significantly 371 

depending on the input scaffold. This variation occurred because each scaffold has 372 

distinct structural and chemical properties that affect the complexity and feasibility 373 

of generating valid molecules. Scaffolds with more flexible structures tended to 374 

accommodate a wider variety of substituents and chemical modifications, leading to 375 

higher validity and uniqueness in the generated SMILES. Conversely, rigid or highly 376 

constrained scaffolds limited the diversity of feasible molecules, affecting the 377 

generation performance. For instance, the scaffold 'O=C(Cc1ccccc1)NCc1ccccc1' 378 

contains multiple rotatable single bonds that connect two phenyl rings through a 379 

benzyl–amide linkage, conferring higher conformational flexibility. This scaffold 380 

achieved a higher validity of 0.98 and uniqueness of 0.983. In contrast, the scaffold 381 

'O=C1CCC(c2ccc(NCc3ccccc3)cc2)=NN1' features ring closure and unsaturation 382 

within the ring system that reduce the number of rotatable bonds and impose 383 

conformational restriction, thereby yielding a more rigid framework. Consequently, 384 

it resulted in a lower validity of 0.958 and uniqueness of 0.954. This result supports 385 

the assertion that scaffold flexibility positively affects the generator's performance in 386 

terms of validity and uniqueness. 387 

 388 

Table 2. Performance evaluation of SMILES generated for each scaffold 389 
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Scaffold Validity Uniqueness Novelty 

O=C(Cc1ccccc1)NCc1ccccc1 0.980 0.983 1.0 

c1ccc(-c2ccnnc2)cc1 0.985 0.944 1.0 

c1ccc(C2=NOCC2)cc1 0.968 0.982 1.0 

c1ccc(Cc2cc3c(CNC4CCCCC4)cccc3o2)cc1 0.964 0.957 1.0 

c1ccc(OCCn2ccnc2)c(CNCc2nccs2)c1 0.961 0.975 1.0 

C(=NCC(c1ccccc1)N1CCCCC1)c1ccccc1 0.967 0.961 1.0 

O=C(Nc1ccccc1)NC1CCC(OCc2ccccc2)CC1 0.981 0.955 1.0 

O=C(COC(=O)c1ccccc1)Nc1ccccc1N1CCOCC1 0.962 0.962 1.0 

O=C(Nc1ccccc1)c1cccc(N2C=CNN2)c1 0.954 0.991 1.0 

O=C1CCC(c2ccc(NCc3ccccc3)cc2)=NN1 0.958 0.954 1.0 

Average 0.968 0.966 1.0 

 390 

We compared three generator variants, including a generator trained with cross-391 

entropy as the loss function, a generator with multi-scale attention using scales 1 to 5, 392 

and a generator without multi-scale attention, to isolate the effects of the loss 393 

function and multi-scale attention. The cross-entropy variant achieved slightly higher 394 

validity but markedly lower uniqueness, whereas extending the multi-scale attention 395 

beyond the optimal range or removing it reduced both metrics. All models 396 

maintained a novelty of 1.0. Details are provided in Section 2 and Fig. S2 of 397 

Supplementary materials. In addition, we conducted experiments to identify the 398 

optimal temperature that achieves the best trade-off between validity and uniqueness. 399 

The temperature parameter modulates the probability distribution over candidate 400 

tokens during generation and thus controls randomness in sampling. As temperature 401 

increases, randomness rises and uniqueness improves at the expense of validity, 402 

whereas lower temperatures have the opposite effect. In our experiments, a 403 
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temperature of 0.9 provided the most balanced result. Probability profiles and full 404 

results are provided in Section 3, Fig. S3, and Table S1 of Supplementary materials. 405 

The pre-trained predictor for PIK3CA achieved an MSE of 0.444 and an R² of 406 

0.744, while for KOR, the MSE was 0.416 and the R² was 0.788. Following this 407 

assessment of the predictive models for PIK3CA and KOR, we present visual 408 

analyses to illustrate their performance (Fig. 5). Fig. 5a and Fig. 5b show scatter 409 

plots of predicted versus actual values, demonstrating the correlation and predictive 410 

accuracy. In both datasets, the predicted and actual biological activity values show a 411 

high overall correlation. The data points are densely clustered around the red solid 412 

line, which suggests that the models predict the actual values well. Fig. 5c and Fig. 413 

5d show residual histograms, illustrating the distribution of prediction errors and the 414 

consistency of the predictors. In both datasets, the residuals are symmetrically 415 

distributed around a mean of zero, indicating that the models' predictions are 416 

generally unbiased. For KOR, the distribution is narrower, with over 95% of the 417 

residuals distributed between -1 and 1. For PIK3CA, over 95% of the residuals are 418 

distributed between -1.5 and 1.5. 419 

 420 
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 421 

Fig. 5. Visualization of the predictor performance on the KOR and PIK3CA datasets. (a, b) 422 

Predicted and actual biological activity values for the test datasets of KOR and PIK3CA. The 423 

x-axis represents the actual values, and the y-axis represents the predicted values. The red 424 

line indicates the ideal case where the predicted values perfectly match the actual values. (c, 425 

d) Distribution of residuals (differences between actual and predicted biological activity 426 

values) for the KOR and PIK3CA datasets. The x-axis represents the residual values, and the 427 

y-axis represents the frequency of occurrence for each residual value. 428 

 429 

Performance of fine-tuned generative model  430 

We compared the results of our fine-tuned model with those of the previously 431 

proposed LOGICS framework [15]. We performed pre-training on identically 432 

preprocessed datasets for a fair comparison. Specifically, the generator and predictor 433 
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used in the LOGICS framework were pretrained on identical datasets before fine-434 

tuning, allowing for a direct performance comparison. The performance of both 435 

models on bioactivity datasets is summarized in Table 3. 436 

 437 

Table 3. Performance evaluation of fine-tuning based on bioactivity 438 

Performance 

Metrics 

KOR PIK3CA 

Scaffold-aware 

Transformer 

LOGICS 

(KOR) 

Scaffold-aware 

Transformer 
LOGICS 

Validity 0.9802 0.9614 0.9803 0.9645 

Uniqueness 0.9865 0.9997 0.9755 0.9994 

Novelty 0.9998 0.9810 0.9993 0.9749 

Internal 

Diversity 

0.8477 0.8779 0.8645 0.8778 

PredAct 6.7877 6.3272 7.6213 7.285 

PwSim 0.1319 0.1249 0.1027 0.1085 

FCD 25.7713 21.7733 36.0337 38.3491 

OTD 5.4998 5.1118 6.186 5.829 

 439 

The scaffold-aware transformer showed competitive results compared to LOGICS 440 

across multiple metrics [15]. Specifically, it achieved validity scores of 0.9802 (KOR) 441 

and 0.9803 (PIK3CA), surpassing LOGICS's 0.9614 and 0.9645. Novelty scores 442 

were also higher, with our model obtaining 0.9998 (KOR) and 0.9993 (PIK3CA) 443 

compared to LOGICS's 0.9810 and 0.9749. Additionally, our model generated 444 

molecules with higher predicted biological activity, achieving values of 6.7877 445 

(KOR) and 7.6213 (PIK3CA) compared to LOGICS's 6.3272 and 7.2850. These 446 

results suggest that the scaffold-aware transformer outperforms LOGICS in terms of 447 

validity, novelty, and predicted biological activity, while LOGICS demonstrates 448 
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higher uniqueness and internal diversity. Overall, the scaffold-aware transformer 449 

shows balanced performance and effectively generates valid and novel molecules 450 

with high predicted activity. This capability is crucial for discovering potential drug 451 

candidates. 452 

We assessed the drug-likeness and synthetic accessibility of the 15,000 molecules 453 

generated by the fine-tuned model using QED and SAS [39, 40]. For KOR, around 454 

20% of all molecules had a QED score above 0.6 and about 99% had an SAS below 455 

5. For PIK3CA, around 46% had a QED above 0.6 and about 99% had an SAS below 456 

5. Detailed summaries and distributions are provided in Section 4 and Fig. S4 of 457 

Supplementary materials. 458 

 459 

Attention based substructure analysis 460 

We identified substructures associated with the model’s prediction by using 461 

attention coefficients from a GAT. This approach offers substructure-level 462 

interpretability for the target and identifies molecular motifs that the model considers 463 

most important for predicting binding affinity. We cross-validated the highlighted 464 

substructures with prior studies on mechanisms of action, including reported binding 465 

modes and pharmacophores, to support the model’s interpretation. We performed 466 

this analysis on the PIK3CA-targeted drugs Copanlisib and Alpelisib, and the KOR-467 

targeted drugs Nalmefene and Buprenorphine. The attention-highlighted 468 

substructures for all drugs are presented in Fig. 6. All drugs used in the analysis have 469 

received FDA approval [41-43]. 470 

 471 
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 472 

Fig. 6. Attention based substructure analysis for PI3Kα and KOR reference drugs. (a) 473 

Copanlisib (b) Alpelisib (c) Nalmefene (d) Buprenorphine. Red highlighted regions indicate 474 

substructures with high attention scores from the graph attention network. 475 

 476 

Copanlisib attention analysis highlighted the aminopyrimidine group linked to the 477 

C5 amide of the dihydroimidazoquinazoline core. In the crystallographic binding 478 

model, this group occupies the affinity pocket and forms a three-point hydrogen bond 479 

network in which the exocyclic amine donates to Asp836 and Asp841 and a ring 480 

nitrogen accepts a hydrogen bond from Lys833 [44]. The fused bicyclic core also 481 

engages the hinge valine through a ring nitrogen and anchors the ligand within the 482 

ATP pocket. As reported in previous studies, the morpholinopropyl side chain 483 

extends toward solvent and primarily improves solubility with limited direct 484 

contribution to binding. Findings from lead optimization indicate that the C5 485 

aminopyrimidine is the preferred substitution for potency, the C7 methoxy preserves 486 

pocket fit, and the C8 substituent was optimized to a morpholinylpropoxy group to 487 

tune properties and pharmacokinetics [45]. Taken together, these observations 488 
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indicate that the aminopyrimidine-amide ensemble is a key substructure that 489 

influences PIK3CA inhibition. 490 

For Alpelisib, the attention analysis highlighted the proline-derived carboxamide 491 

linked through a urea and the adjacent 2-aminothiazole motif. Prior structure-activity 492 

relationship (SAR) studies show that Alpelisib donates and accepts hydrogen bonds 493 

to Gln859 and to the backbone carbonyl of Ser854, engages the hinge Val851, and 494 

makes a water-mediated contact from Asp810 and Asp933 to the pyridine nitrogen, 495 

with the charged Lys802 positioned near the trifluoromethyl group [41]. 496 

Complementary SAR and docking studies further indicate that contacts with Gln859, 497 

Ser854, and Val851 are central to selectivity and binding, and that the 2-498 

aminothiazole scaffold with an L-proline-derived carboxamide promotes selectivity 499 

for the PI3Kα subtype. These cross-validated findings support the highlighted motif 500 

as the decisive substructure for α-selective binding [41, 46, 47]. 501 

The attention analysis for Nalmefene highlights the phenolic ring and the adjacent 502 

hydroxyl-substituted ring. According to prior docking studies on KOR, Nalmefene 503 

forms three hydrogen bonds in the KOR site. The hydroxyl group of Tyr139 forms a 504 

hydrogen bond with a ligand oxygen, and the ligand hydroxyl forms hydrogen bonds 505 

with the nitrogen of Gln115 and the oxygen of Asp138 [43]. In our visualization, the 506 

highlighted substructure captures the hydroxyl-rich region that can interact with 507 

Gln115 and Asp138, while the Tyr139 contact is not prioritized by the model’s 508 

attention. The model therefore regards this highlighted moiety as the key motif that 509 

most strongly explains Nalmefene’s binding affinity to KOR. 510 
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Buprenorphine attention analysis highlighted the tertiary-alcohol motif and 511 

focused on the oxygen-containing segment. Prior docking work on KOR reports a 512 

single hydrogen bond in which the drug’s hydroxyl hydrogen interacts with the 513 

oxygen of residue Ile304 [43]. The highlighted substructure captures the alcohol 514 

functionality capable of mediating this contact. 515 

 516 

Discussion 517 

This study contributes to the field of molecular generation by integrating scaffold-518 

conditioned generation with an attention-based predictor [15, 23, 24]. Our approach 519 

demonstrated high validity and novelty in generating molecules and provided 520 

interpretable structure-activity explanations. These findings suggest that our model 521 

can generate new molecules with desired properties and has the potential to advance 522 

de novo molecular design. 523 

Our ablation study shows that architectural choices and sampling control are key 524 

determinants of generation quality. Using focal loss with multi-scale scaffold 525 

attention improved uniqueness relative to cross-entropy, and a sampling temperature 526 

of 0.9 provided the most balanced validity–uniqueness trade-off (Supplementary 527 

materials, Sections 2–3). Attention-based substructure analysis provided target-level 528 

interpretability. For PI3Kα, highlighted motifs aligned with literature-reported 529 

contacts at Val851, Ser854, and Gln859. For KOR, the model emphasized hydroxyl-530 

rich regions consistent with contacts to Gln115 and Asp138 for Nalmefene, and the 531 

Ile304 hydrogen bond for Buprenorphine, while deprioritizing the Tyr139 interaction. 532 

These comparisons with prior reports indicate that the features highlighted by the 533 
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model are consistent with reported chemical interactions, rather than incidental. The 534 

generated molecules also showed practical chemistry profiles. Most had SAS values 535 

within ranges consistent with feasible synthesis, and many exhibited moderate to 536 

high QED (Supplementary materials, Section 4). 537 

There are several limitations to this study. First, the generalization capability of 538 

the model is limited. This study was conducted using only two datasets, KOR and 539 

PIK3CA. Such a restricted range of datasets may limit the evaluation of the model's 540 

generalizability. Applying the model to targets related to various diseases, such as 541 

cancer and metabolic disorders, could provide a more comprehensive assessment of 542 

its performance. Second, there is a risk of overfitting to scaffold structures. Scaffold-543 

based generation offers the advantage of generating new molecules while 544 

maintaining desired scaffold structures; however, there is a risk of the model 545 

overfitting to specific scaffold configurations. This overfitting can diminish the 546 

diversity of generated molecules and reduce the overall effectiveness of the model. 547 

Since the selection and definition of scaffolds directly affect the model's performance 548 

and generation outcomes, strategies to increase scaffold diversity and prevent 549 

overfitting are necessary. For example, using multiple scaffolds simultaneously or 550 

adopting training methods that consider the structural diversity of scaffolds could 551 

mitigate this issue.  552 

This study also suggests several ways for extension. First, multi-objective fine-553 

tuning that optimizes predicted bioactivity together with ADMET-related proxies 554 

such as permeability, clearance, and safety risk could bring the generated molecules 555 

closer to downstream developability needs. Second, incorporating structure-based 556 
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signals such as receptor-specific constraints and physics-guided priors into the 557 

training loop may further strengthen the link between attention-derived motifs and 558 

true binding determinants. Overall, our integration of scaffold-conditioned 559 

generation with a cyclic learning mechanism represents a novel contribution to the 560 

field, potentially advancing the development of more effective drug discovery 561 

methods. 562 

 563 

Conclusion 564 

In this study, we introduced a scaffold-aware generative framework that integrates 565 

a transformer-based generator and a GAT-based predictor [23, 24]. In this study, we 566 

introduced a scaffold-aware generative framework that integrates a transformer-567 

based generator and a GAT-based predictor [23, 24]. By incorporating multi-scale 568 

attention mechanisms, our approach enables explicit scaffold control while exploring 569 

chemical diversity around user-specified core structures. A cyclic learning 570 

mechanism with tournament selection and experience memory facilitates continuous 571 

optimization toward high-affinity, scaffold-consistent candidates [15]. Experimental 572 

results on KOR and PIK3CA targets demonstrated that the proposed method 573 

achieves high validity and novelty while generating molecules with higher predicted 574 

biological activity compared to baseline approaches. Attention-based analysis of 575 

FDA-approved drugs revealed that the model highlights substructures consistent with 576 

known binding interactions, providing interpretable insights into structure-activity 577 

relationships. Assessment of drug-likeness and synthetic accessibility revealed that 578 

the generated molecules exhibit practical chemistry profiles, with the majority 579 
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showing favorable synthetic feasibility. Ablation studies confirmed that the 580 

combination of focal loss and multi-scale attention mechanisms significantly 581 

improves generation quality, and demonstrated that appropriate temperature control 582 

achieves an optimal balance between validity and uniqueness. This study presents a 583 

balanced and effective approach for generating novel bioactive molecules, 584 

highlighting its potential applicability in drug discovery and material design. Future 585 

research is expected to contribute to the generation of more complex molecular 586 

structures and the expansion of models to consider a broader range of biological 587 

properties. 588 

  589 
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Section 1) SMILES sequence generation process 748 

The SMILES sequence generation process is depicted in Fig. S1. Before sequence 749 

generation, the generator requires predefined initial tokens and scaffold conditions. 750 

The generation process starts by providing the start token [SOS] and the desired 751 

scaffold condition as inputs to the generator. The generator predicts the next-token 752 

probability distribution by applying the softmax function to its output logits. 753 

According to this probability distribution, the next token is sampled and added to the 754 

current sequence. The extended sequence is then used again as input to the generator 755 

to predict the subsequent token. This process repeats until the [EOS] token is 756 

generated or the length of the generated sequence reaches the predefined maximum 757 

length of 100 tokens. Once generation is complete, the generator returns a sequence 758 

of token indices. Using the predefined vocabulary, these indices are converted into 759 

their corresponding tokens, which are then concatenated to obtain the final SMILES 760 

string. 761 

 762 
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 763 

Fig. S1. The process of new molecular generation. This figure illustrates the step-by-step 764 

process of generating new molecules using the generator. In the first step, the next token (C) 765 

is predicted based on the [SOS] token and the input scaffold. The predicted token is 766 

concatenated with the [SOS] token. In the second step, the next token (O) is predicted based 767 

on the concatenated sequence and the scaffold. This process continues until an [EOS] token 768 

is generated or up to 100 iterations. 769 

 770 

 771 

  772 
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Section 2) Ablation study to examine the impact of different components 773 

on the performance of the generative model 774 

We conducted an ablation study to examine the impact of different components on 775 

the performance of the generative model, comparing three variants: (i) generator 776 

trained using cross-entropy as the loss function, (ii) generator trained with multiscale 777 

attention using scales 1 through 5, and (iii) generator trained without applying 778 

multiscale attention. We compared these models to evaluate how the loss function 779 

and the application of multiscale attention affect the quality and diversity of the 780 

generated molecules. The results highlight the significance of multiscale attention 781 

mechanisms and appropriate loss functions in enhancing the model's ability to 782 

generate molecules with desired properties. The performance differences between the 783 

proposed model and these ablated models are presented in Fig. S2. The generator 784 

using cross-entropy achieved a validity 0.014 higher than the proposed model but 785 

recorded a uniqueness 0.17 lower. The generator with multiscale attention using 786 

scales 1 through 5 achieved validity and uniqueness 0.07 lower than the proposed 787 

model. Lastly, the generator without applying multiscale attention recorded a validity 788 

0.019 lower and a uniqueness 0.159 lower than the proposed model. All models 789 

achieved a novelty of 1.0. While the model using cross-entropy achieved higher 790 

validity than the proposed model, its uniqueness was markedly lower. The two 791 

remaining variants recorded lower values in both validity and uniqueness. 792 

 793 
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 794 

Fig. S2. Results of the ablation study on the proposed model. The figure compares the 795 

performance of three variants: (i) generator trained using cross-entropy as the loss function, 796 

(ii) generator trained with multiscale attention using scales 1 through 5, and (iii) generator 797 

trained without applying multiscale attention. The x-axis represents each specific model, and 798 

the y-axis represents the metric values. 799 

  800 
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Section 3) Comparison of token-wise probability distributions at different 801 

temperatures during SMILES generation 802 

Validity and uniqueness have a trade-off relationship. When validity decreases, the 803 

denominator in the calculation of uniqueness becomes smaller, leading to an increase 804 

in uniqueness. Temperature plays a critical role in this balance because it controls 805 

randomness during SMILES generation. In our model, the temperature parameter 806 

controls the randomness in selecting the next token. A higher temperature flattens 807 

this distribution, allowing the model to explore a wider range of possible tokens. This 808 

exploration increases diversity and uniqueness in the generated molecules but can 809 

lead to syntactically incorrect or chemically invalid SMILES, thereby reducing 810 

validity. Conversely, a lower temperature sharpens the probability distribution, 811 

making the model more likely to select the most probable tokens. This increases the 812 

likelihood of generating valid molecules but may result in repetitive or similar 813 

structures, decreasing uniqueness. As depicted in Fig. S3, the probability 814 

distributions at different temperatures demonstrate this effect. When the temperature 815 

is 0.7, the differences in probabilities among tokens are large, resulting in a sharper 816 

distribution. In contrast, at a temperature of 1.3, the differences in token probabilities 817 

decrease, leading to a flatter distribution. Thus, finding the optimal temperature 818 

parameter is crucial. We compared the performance of the pre-trained generator at 819 

different temperature settings. When the temperature was 0.7, it achieved a high 820 

validity of 0.982 but recorded a uniqueness of 0.875. At temperature 1.0, validity 821 

dropped to 0.942, whereas uniqueness rose to 0.971. When the temperature was 0.9, 822 

both validity and uniqueness were 0.961, showing the most balanced performance. 823 
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The performance comparison of the generative model at different temperature 824 

settings is summarized in Table S1. 825 

 826 

Fig. S3. Probability distributions over tokens at different temperature settings during 827 

SMILES generation. The x-axis represents the token index, and the y-axis represents the 828 

probability assigned to each token. The blue line represents the probability distribution at 829 

temperature 0.7, the red line represents the distribution at temperature 1.0, and the green line 830 

represents the distribution at temperature 1.3. 831 

Table S1. The performance comparison of the generative model at different temperatures 832 

Temperature Validity Uniqueness Novelty 

0.7 0.982 0.875 1.0 

0.8 0.968 0.912 1.0 

0.9 0.961 0.961 1.0 

1.0 0.942 0.971 1.0 

 833 
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Section 4) Chemical properties of the generated molecules 834 

We calculated the quantitative estimate of drug-likeness (QED) and the synthetic 835 

accessibility score (SAS) to evaluate the chemical properties of the generated 836 

molecules. QED evaluates the likelihood that a molecule is a potential drug candidate 837 

on a scale from 0 to 1 SAS evaluates the synthetic feasibility of a molecule on a scale 838 

from 1 to 10. Higher QED values indicate greater drug-likeness, suggesting that 839 

these molecules are more promising as drug candidates. Lower SAS values suggest 840 

that the molecules can be synthesized with relative ease. We subsequently generated 841 

15,000 molecules using the fine-tuned model and calculated QED and SAS for each 842 

one. The distributions of QED and SAS for the generated molecules are presented in 843 

Fig. S4. In the case of KOR, the QED values ranged from a minimum of 0.016 to a 844 

maximum of 0.947. Around 20% of all molecules had a QED score greater than 0.6, 845 

and around 7% had QED greater than 0.8. The SAS values ranged from a minimum 846 

of 1.83 to a maximum of 5.91. Around 99% of all molecules had SAS less than 5, 847 

and around 32% had SAS less than 3. In the case of PIK3CA, the QED values ranged 848 

from a minimum of 0.028 to a maximum of 0.947. Around 46% of all molecules had 849 

QED greater than 0.6, and around 11% had QED greater than 0.8. The SAS values 850 

ranged from a minimum of 1.66 to a maximum of 5.04. Around 99% of all molecules 851 

had SAS less than 5, and 60% had SAS less than 3. 852 
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 853 

Fig. S4. Distributions of QED and SAS of the generated molecules. (a, b) QED distributions 854 

for KOR and PIK3CA datasets. (c, d) SAS distributions for KOR and PIK3CA datasets. The 855 

x-axis represents the QED or SAS, and the y-axis represents the frequency of molecules. 856 
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