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Highlights

® This study proposes a scaffold-conditioned generative framework where
structural control is optimized through continuous bioactivity feedback.

® Scaffold-aware transformer generates molecules that explicitly reflect user-
specified scaffolds.

® Multi-scale attention and loss selection improved generation capability.

® Attention-based substructure analysis identifies motifs including binding

patterns.
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Abstract

Recent advancements in artificial intelligence have demonstrated great potential in
accelerating drug discovery by exploring vast chemical spaces and predicting
molecular properties. However, conventional molecular generation models have
limitations in reflecting desired molecular structures, as they often fail to incorporate
specific structural constraints or target properties directly into the generation process.
To overcome these limitations, we propose a novel framework that integrates a
transformer-based generative model and a graph attention network-based predictive
model. The generative model produces molecules with desired structural
characteristics by explicitly incorporating scaffold information, while the predictive
model estimates the biological activity of the generated molecules. A cyclic learning
structure enables the generative and predictive models to interact iteratively,
facilitating continuous evaluation and feedback during training. In addition, a multi-
stage tournament selection with experience memory guides the subsequent training
process. Our approach accelerates the identification of scaffold-consistent, high-
affinity candidates by exploring novel chemical variations around a user-specified
scaffold. Experimental results show that the proposed scaffold-aware transformer
achieves competitive validity, uniqueness, and novelty, and effectively generates
novel compounds with high predicted binding affinity for biological targets. An
attention-based analysis extracts atom-level importance scores and highlights the
substructures that contribute to the predicted binding affinity, providing interpretable
insights into structure-activity relationships. This study provides a practical and

interpretable tool for scaffold-conditioned molecular generation.
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Introduction

Drug development is a complex and resource-intensive process that faces multiple
interconnected challenges. The conventional drug development pipeline takes 10-15
years from concept to approval and costs billions of dollars [1]. In particular,
designing molecular structures in the early stages is a challenging task because the
chemical search space for new molecules is vast [2]. The number of potential drug-
like molecules is estimated to be around 10°°, yet only about 108 molecules have
been synthesized to date [3]. Despite extensive screening efforts in which thousands
of candidate compounds are synthesized, only a small fraction possesses sufficient
biological activity and safety to advance into clinical trials [4]. The challenges persist
even at later stages, with approximately 90% of drug candidates that enter clinical
testing ultimately failing due to insufficient efficacy, toxicity, or lack of drug-like
properties [5]. These issues underscore the urgent need for diverse drugs and
improved discovery strategies [6-9].

Artificial intelligence is emerging as a means to overcome the limitations of
molecular design by accelerating the exploration of the vast chemical space, reducing
the time and cost required to derive candidate substances [1, 2, 10-13]. De novo
molecular design is a computational paradigm for generating novel chemical

structures with desired properties. Recently, research efforts to apply generative
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models have been actively pursued in this field [14-17]. These approaches leverage
generative models to learn the distribution of molecules with target-specific activity
and to sample novel chemical structures [17]. They can discover promising candidate
substances much faster and more efficiently than traditional synthetic chemistry
methodologies. Many of these approaches utilize the Simplified Molecular Input
Line Entry System (SMILES), a text-based representation that encodes molecular
structures as strings, enabling the application of natural language processing
techniques to chemistry [18]. Generative models trained on SMILES can learn
chemical syntax and generate syntactically valid molecules, with some frameworks
incorporating reinforcement learning or evolutionary algorithms to optimize
generated compounds [19, 20]. However, most traditional molecular generation
models either evaluate the properties of generated molecules separately or cannot
directly incorporate target properties during the generation process. To address this
limitation, a previous study proposed a framework that optimizes generated
molecules by utilizing tournament selection and experience memory [15]. By
integrating generative and predictive models, this approach enables property
prediction during generation and provides a method to learn optimized distributions
of bioactive molecules. However, this approach still has the limitation that it cannot
explicitly control the scaffold structure. In medicinal chemistry, the scaffold is the
core framework that defines molecular topology and guides key substituent vectors.
Early selection and explicit control of the scaffold are central to steering potency,

selectivity, and developability, because scaffold changes are labor intensive and
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often erode activity [21, 22]. Without such scaffold control, the generated molecules
may lack the structural characteristics necessary for lead quality.

To address these limitations, we propose a scaffold-aware generative framework
that integrates structural control with continuous bioactivity optimization. Our
approach integrates a transformer-based generative model and a graph attention
network (GAT)-based predictive model in a cyclic learning architecture [15, 23, 24].
Scaffold information is integrated into generation through multi-scale attention, and
the model reflects scaffold. This mechanism enables simultaneous control of local
atom-bond neighborhoods and global scaffold topology. The GAT-based predictive
model estimates the biological activity of generated molecules. Through iterative
interaction between the generator and predictor, the framework enables continuous
evaluation and refinement throughout the training process. In addition, a tournament-
based selection mechanism with experience memory directs subsequent learning
iterations. The framework allows for the exploration of new variations while

maintaining the core structure of the molecule.

Materials and methods
Datasets

This study utilizes two distinct types of datasets: a molecular design benchmark
dataset for training the generative model and a biological activity-labeled dataset for
training the predictive model. The statistical characteristics of the datasets are

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

We used the molecular design benchmark dataset, GuacaMol, for training the
generative model [25]. GuacaMol comprises 1,591,378 molecules extracted from the
ChEMBL database [26]. Data preprocessing for training the generator was performed
as follows. First, SMILES strings were standardized and deduplicated to enhance the
training efficiency of the generative model. Second, Bemis-Murcko scaffolds were
extracted from each SMILES string to identify the core structural framework of the
molecules [27]. RDKit was used in both steps [28]. To ensure structural consistency
and relevance, we removed molecules from the dataset for which scaffolds could not
be extracted—typically those with simple linear structures or lacking a basic
framework. Third, we defined a vocabulary to facilitate tokenization of SMILES in
the model [29]. Fourth, we defined and applied a regular expression pattern to
tokenize SMILES strings into meaningful units [30]. Since SMILES includes a wide
range of chemical symbols and bond representations, precise tokenization is crucial
for the model to learn molecular structural information. Fifth, special tokens—[SOS]
(start of sequence) and [EOS] (end of sequence)—were appended to each tokenized
SMILES string to clearly denote the beginning and end of each molecular sequence.

Finally, padding tokens were added to ensure that all SMILES strings within the
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dataset had uniform lengths. This uniformity was necessary for efficient batch
processing during model training, allowing the generator to handle sequences of
consistent dimensions.

We used biological activity datasets for KOR (k-opioid receptor) and PIK3CA
(Phosphatidylinositol 3-Kinase Catalytic Subunit Alpha). Both datasets were sourced
from preprocessed sets provided by previous study [15]. The original preprocessing
pipeline comprised SMILES canonicalization and removal of tokens that were absent
from the vocabulary. For example, tokens such as '[Br-]', '[I-], and '[CI-]' were
removed. Additionally, when a compound had multiple bioactivity measurements,
the median value was chosen as its representative label. For KOR, bioactivity was
supplied as pIC50. For PIK3CA, bioactivity values were provided as pKi and pKd—
metrics that represent the negative logarithms of the inhibition (Ki) and dissociation
(Kd) constants, respectively [31-33]. To enable unified activity prediction, the pKi
and pKd values were merged into a single measure, pKx. Activity thresholds were
established to distinguish between active and inactive compounds. For KOR,
molecules with a pIC50 value of 7.0 or higher were classified as active, and for

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

Framework architecture

An overview of the framework's architecture is presented in Fig. 1. This study
focuses on the interaction between the generative and predictive models. The
generative model produces new SMILES based on input scaffolds. The predictive

model evaluates the generated molecules by estimating their binding affinities.



156  Molecules with high predicted binding affinity are selected and fed back into the
157  training process. Thus, the generation and prediction processes alternate iteratively,

158  progressively optimizing toward high-affinity molecular candidates.
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160  Fig. 1. Overall training framework with pre-training and fine-tuning. (a) Pre-training phase.
161  The generator is trained on SMILES and the corresponding scaffolds, while the predictor is
162  trained on bioassay datasets. (b) Fine-tuning phase. The generator samples candidate
163 SMILES and the experience memory extracts previously stored SMILES; together they form
164  a SMILES pool. A multi-stage tournament selection is then applied to the pool to obtain
165  selected SMILES, which are used to retrain the generator and to update the experience
166 memory.

167

168  Generative model

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

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

171 overcomes the limitations inherent in conventional sequence models, such as RNN
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and LSTM, by enabling parallel processing [23, 34, 35]. This effectively addresses
long-term dependency issues. The core of the transformer is its attention mechanism,
which learns how various positions in the input sequence relate to one another,
allowing the model to focus on important information. Each input token is converted
into three vectors, including query, key, and value. The attention score is derived by
first calculating the dot product of the query and key vectors, then normalizing the
result with the softmax function. The final representation for each token is obtained
by multiplying the normalized attention scores with the value vectors. This process
can be represented by the following formula:

A(Q,K,V) = softmax(QKT)V (1)
In Equation 1, A(Q,K,V) is the attention value, Q is the query vector, K is the key
vector, V is the value vector. This mechanism operates in parallel across multiple

attention heads.



185

186

187

188

189

190

191

192

193

194

195

196

197

198

[ Output J 0 é: k
|
t |[ Feed Forward
[ Generator ] : [ Layer ]
; L__Normalization

1 | —
| I

Multi-Head

Attentlon

[ | [ Layer J
(_ Normalization
\

‘o
)
()

Token embedding

e o o o o o o e o o o

Fig. 2. The architecture of generative model. Input SMILES and scaffolds are converted into
numerical representations through token embedding. For scaffolds, multi-scale attention
extracts structural features at different scales. Both inputs are combined with positional
embeddings to preserve sequential information before being fed into the generator. The
generator comprises multiple decoder blocks, each containing layer normalization, multi-
head attention, and feed-forward network with residual connections. Output is the sampled

from the generator.

The input SMILES and scaffolds are converted into token embeddings. For
scaffold inputs, we introduced a multi-scale attention mechanism to effectively
generate molecules with desired structural characteristics [36]. This mechanism
extracts structural information from the scaffold at various scales and incorporates it

into the model. For example, when the scale is 1, the original scaffold embedding is
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used; when the scale is 2, grid sampling is applied to reduce its length by half; and
when the scale is 4, the length is reduced one-quarter. In this study, scales of 1, 2,
and 4 were used to consider both local and global patterns of the scaffold. The
attention outputs at each scale are linearly interpolated back to the original scaffold
embedding length. Subsequently, their mean is computed to provide an integrated

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

Xs = Downsample(Xscaffolar ) (2)
1
Z = 3 z Interpolate (MHA,(Xs), L) 3)
s€{1,2,4}

In Equations 2 and 3, X,cqrf01a represents the scaffold token embeddings, s denotes

the scale factor, X, is the downsampled scaffold embedding at scale s, MHA; is the
multi-head attention operation at scale s, and L is the original scaffold sequence
length. Positional encoding is then employed to provide the model with information
about the order of the sequence. The token embeddings and positional embeddings
are combined and used as inputs to the generator.

The generator consists of multiple transformer decoder blocks. In each decoder
block, the multi-head attention enables the learning of relationships between each
position in the input sequence and other positions simultaneously across various
representation spaces. Following the multi-head attention layer, a feed-forward
neural network is applied, consisting of two linear transformations and a gaussian
error linear unit function placed in between [37]. Layer normalization is employed
before each sub-layer to normalize the input features. Additionally, residual

connections are incorporated around each sub-layer, which mitigate the vanishing
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gradient problem and improve information flow through the network. The focal loss
is applied to mitigate class imbalance and improve training efficiency [38]. During
the molecular generation, certain tokens or patterns may appear disproportionately
frequently, and focal loss mitigates this imbalance by down-weighting these frequent
cases. The focal loss function is defined as follows:

FL(p) = —a x (1—p)" x log(p,) (4)
In Equation 4, p; is the predicted probability for the target class. a is the weighting
factor that addresses class imbalance by assigning more weight to the minority class.
y is the focusing parameter; it functions to reduce the weighting on well-classified
samples and increase the weighting on misclassified samples. The SMILES sequence

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

Predictive model

The predictive model consists of three GAT convolutional layers and fully
connected layers (Fig. 3). SMILES strings are converted into graph form, where
atoms serve as nodes and bonds as edges. Each node in the graph has a vector
representing the features of that atom, such as atom type, charge state, and other
physicochemical properties. These graph representations are then fed into
the predictor. Each GAT convolutional layer learns interactions between nodes from
multiple perspectives through a multi-head attention mechanism, effectively
capturing complex features of the molecular structure. The core of GAT involves
calculating attention coefficients that determine the importance of neighboring nodes

when updating a node's feature vector [24]. This is accomplished by first applying a
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linear transformation to each node feature vector and then computing attention scores
between neighboring nodes. The attention scores are then normalized and used to
weight the feature vectors of neighboring nodes, which are subsequently aggregated
to update the node's feature vector. The ReLU activation function is applied after
each GAT layer. Additionally, dropout is used to prevent overfitting. After the three
GAT layers, global max pooling is performed to extract a graph-level feature vector,
which is then passed through fully connected layers to yield the final prediction.
During training, labeled SMILES data are used to predict the binding affinity
between molecules and targets. Techniques such as weight decay and learning rate
scheduling are applied during training. The mean squared error (MSE) is used as the
loss function to formulate the task as a regression problem. The MSE quantitatively
evaluates the model’s prediction performance by squaring and averaging the

differences between predicted and true activity values. It is defined as:
n
1 532
MSE = = %' = 9) )
i=1

In Equation 5, n is the total number of samples, y; is the true activity value of the i-
th sample, and ¥; is the predicted activity value for the i-th sample. By minimizing
the MSE, the predictor updates its parameters to improve activity predictions,

gradually reducing the loss.
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Fig. 3. Workflow of molecular prediction. The prediction process begins by converting input
SMILES strings into molecular graphs. These graphs are passed through multiple GAT
convolutional layers, which extract graph-level features. Features are processed with global

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

Fine-tuning process and tournament selection

The fine-tuning process utilizes a framework that integrates generative and
predictive models, with experience memory and tournament selection as its core
components (Fig. 4). Experience memory serves as a repository for molecules.
Initially, the experience memory is populated with unique, chemically valid
molecules generated by the generative model before the fine-tuning loop begins. In
the fine-tuning loop, the final winning molecules from tournament selection are
stored in the experience memory. The competitor pool is formed by merging
SMILES sampled from the generator with an equal number sampled from the
experience memory. Tournament selection is used as a strategy to select superior
molecules from the pool of sampled candidates [15]. At each stage, molecules
compete based on specific criteria, and the winners survive to the next stage. The

tournament selection process consists of three stages: the first stage evaluates the

14



282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

predicted binding affinity of the molecules; the second stage evaluates the negative
log-likelihood from the generator; and the third stage evaluates the positive log-
likelihood from the prior model. In each stage, two molecules are randomly selected
from the pool, and the molecule with the higher score is selected as the winner. The
winner advances to the next stage and the loser is excluded, so that only half of the
molecules survive at each stage. This iterative process enables the generator to focus
on molecules with high binding affinities. The framework allows the generator to
explore new molecular structures while maintaining structural features that

contribute to high biological activity.

Fine-tuning phase |
Tournament Selection

Generator +* |0 (723 SELELLL » Generator
= = | Train
m m
Experience Experience
Mpemory | o » Udt N:jemory
(O Bioactivity (O Exploration () Regularization pdate

Predictor

Fig. 4. The flowchart of fine-tuning. SMILES generated by the generator are combined with
SMILES sampled from the experience memory to form the competitor pool. Then, through
three stages of tournament selection, the final SMILES are selected. The selected SMILES

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

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

those employed in traditional machine-learning tasks such as regression and
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classification. In this study, we used eight metrics, grouped into two categories: (1)
generative quality metrics and (2) distribution similarity metrics. Generative quality
metrics include validity, uniqueness, novelty, internal diversity, and predicted
bioactivity (PredAct), while distribution similarity metrics include pairwise similarity
(PwSim), fréchet chemnet distance (FCD), and optimal transport distance (OTD).

The generative quality metrics are defined as follows:

.
Validity = (6)

, U
Uniqueness = ” (7

T
Novelty = m (8)
. . 1 .
Internal Diversity = —— Z 1 — sim(my,m;) 9
|V1000| m1€V1000,M2€V1000

Validity assesses whether the generated molecules are chemically valid. In this
process, RDKit was used [28]. We generated 20,000 molecules and calculated the
proportion (V) of SMILES representing chemically valid structures. Uniqueness
measures the diversity of the generated SMILES and is expressed as the ratio (U) of
unique molecules among the valid set (V). A low uniqueness score suggests that the
model repeatedly generates the same molecules, indicating a limited capacity for
learning the distribution. Novelty is defined as the proportion (T) of valid, unique
molecules that do not exist in the training dataset. A low novelty score indicates that
the model is overfitting. Internal diversity assesses structural diversity within the
generated SMILES. Among the valid molecules, 1,000 molecules were randomly
selected, and the similarity between these molecules was calculated using the

Tanimoto similarity. In Equation 9, sim(m,, m,) represents the Tanimoto similarity

16
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between molecules m, and m,, calculated using their Morgan fingerprint with a
radius of 2 and 2048 bits. V;40 represents the subset of 1,000 randomly selected
molecules from V. PredAct is defined as the average predicted bioactivity of

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

follows:
1

PwSim = —Z sim(my, m,) (10)

|V1000||T| mlevlooo, mzeT
FCD = ||y, — pur |1* +Tr(Cy + Cr — 2(CyCr)'/?) 1
OTD = argminTeRZ T;;dist(x;, y;) (12)

X{€A,y;EB

dist(x;, y;) = 10175mEy)) — 1 (13)

PwSim measures the average pairwise similarity between the generated SMILES and
active molecules in the test dataset (Equation 10). In this equation, T denotes the set
of target active molecules in the test set. FCD measures the difference between two
probability distributions, specifically between the generated molecule set and the
target molecule set, using the Fréchet distance (Equation 11). This metric quantifies
how dissimilar the two sets are by comparing the means and covariance of their
distributions, assuming both follow gaussian distributions. Here, u,, and ur represent
the means of the feature vectors for the generated molecule set V' and the target
molecule set T, respectively, while C,, and C; represent their covariance matrices. Tr
represents the trace of a matrix, which is the sum of its diagonal elements. OTD
calculates the optimal transport cost between the two probability distributions of the
generated molecule set and the target molecule set, thereby measuring the distance

between them. This method is defined in terms of the similarity between probability
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distributions. Higher similarity results in lower OTD values (Equation 12). In this
formulation, T;; represents the amount of mass transported from molecule x; to
molecule y;. R is the set of all possible transport plans between the generated
molecule set A and the target active set B. dist (x;,y;) represents the distance used
for OTD calculation. The performance evaluation metrics used in this study are

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

metric values indicate better performance.

Results
Performance of pre-trained generator and predictor

We evaluated the performance of the pre-trained generative and predictive models
before fine-tuning. Specifically, we enhanced the basic SMILES generation
capability of the generative model by experimenting with different loss functions and
applying multi-scale attention mechanism. We also adjusted the temperature
parameter to control sampling stochasticity and identified the optimal balance
between validity and uniqueness during SMILES generation. We conducted an
ablation study that evaluated how each module affected the generator's ability. The
results provided insights into how these modifications affected the model's
performance in terms of validity, uniqueness, and novelty.

We randomly selected 50 scaffolds from the test set as input conditions to
comprehensively evaluate the model’s generalization capability. We generated

10,000 SMILES for each scaffold and evaluated the resulting molecules using the
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chosen metrics. The performance for SMILES generated from each scaffold is
presented in Table 2, showing the top 10 scaffolds. Across all scaffolds, the pre-
trained generator achieved validity greater than 0.9, uniqueness greater than 0.9, and
novelty of 1.0. Additionally, it achieved an average validity of 0.968, uniqueness of
0.966, and novelty of 1.0. The generator’s performance varied significantly
depending on the input scaffold. This variation occurred because each scaffold has
distinct structural and chemical properties that affect the complexity and feasibility
of generating valid molecules. Scaffolds with more flexible structures tended to
accommodate a wider variety of substituents and chemical modifications, leading to
higher validity and uniqueness in the generated SMILES. Conversely, rigid or highly
constrained scaffolds limited the diversity of feasible molecules, affecting the
generation performance. For instance, the scaffold 'O=C(Cclcccccl)NCclcececl'
contains multiple rotatable single bonds that connect two phenyl rings through a
benzyl-amide linkage, conferring higher conformational flexibility. This scaffold
achieved a higher validity of 0.98 and uniqueness of 0.983. In contrast, the scaffold
'O=C1CCC(c2ccc(NCc3ccecc3)cc2)=NN1' features ring closure and unsaturation
within the ring system that reduce the number of rotatable bonds and impose
conformational restriction, thereby yielding a more rigid framework. Consequently,
it resulted in a lower validity of 0.958 and uniqueness of 0.954. This result supports
the assertion that scaffold flexibility positively affects the generator's performance in

terms of validity and uniqueness.

Table 2. Performance evaluation of SMILES generated for each scaffold

19
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Scaffold Validity Uniqueness Novelty

O=C(Cclcccccl)NCcelcecceecl 0.980 0.983 1.0
clcce(-c2cennec2)ccl 0.985 0.944 1.0
clcee(C2=NOCC2)ccl 0.968 0.982 1.0
clcee(Ce2cc3c(CNC4CCCCC4)ccec302)ccl 0.964 0.957 1.0
clcee(OCCn2cenc2)c(CNCe2ncees2)cl 0.961 0.975 1.0
C(=NCC(clcceccl)N1CCCCCl)clcecceecl 0.967 0.961 1.0
O=C(Nclcccecl)NC1CCC(OCc2ccecc2)CCl 0.981 0.955 1.0
O=C(COC(=0O)clcccecl)NcleccccINICCOCCL 0.962 0.962 1.0
O=C(Nclcccecl)cleccc(N2C=CNN2)cl 0.954 0.991 1.0
0O=C1CCC(c2ccc(NCc3cceeceld)cc2)=NN1 0.958 0.954 1.0
Average 0.968 0.966 1.0

We compared three generator variants, including a generator trained with cross-
entropy as the loss function, a generator with multi-scale attention using scales 1 to 5,
and a generator without multi-scale attention, to isolate the effects of the loss
function and multi-scale attention. The cross-entropy variant achieved slightly higher
validity but markedly lower uniqueness, whereas extending the multi-scale attention
beyond the optimal range or removing it reduced both metrics. All models
maintained a novelty of 1.0. Details are provided in Section 2 and Fig. S2 of
Supplementary materials. In addition, we conducted experiments to identify the
optimal temperature that achieves the best trade-off between validity and uniqueness.
The temperature parameter modulates the probability distribution over candidate
tokens during generation and thus controls randomness in sampling. As temperature
increases, randomness rises and uniqueness improves at the expense of validity,

whereas lower temperatures have the opposite effect. In our experiments, a
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temperature of 0.9 provided the most balanced result. Probability profiles and full
results are provided in Section 3, Fig. S3, and Table S1 of Supplementary materials.
The pre-trained predictor for PIK3CA achieved an MSE of 0.444 and an R2 of
0.744, while for KOR, the MSE was 0.416 and the R2was 0.788. Following this
assessment of the predictive models for PIK3CA and KOR, we present visual
analyses to illustrate their performance (Fig. 5). Fig. 5a and Fig. 5b show scatter
plots of predicted versus actual values, demonstrating the correlation and predictive
accuracy. In both datasets, the predicted and actual biological activity values show a
high overall correlation. The data points are densely clustered around the red solid
line, which suggests that the models predict the actual values well. Fig. 5¢ and Fig.
5d show residual histograms, illustrating the distribution of prediction errors and the
consistency of the predictors. In both datasets, the residuals are symmetrically
distributed around a mean of zero, indicating that the models' predictions are
generally unbiased. For KOR, the distribution is narrower, with over 95% of the
residuals distributed between -1 and 1. For PIK3CA, over 95% of the residuals are

distributed between -1.5 and 1.5.
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Fig. 5. Visualization of the predictor performance on the KOR and PIK3CA datasets. (a, b)
Predicted and actual biological activity values for the test datasets of KOR and PIK3CA. The
x-axis represents the actual values, and the y-axis represents the predicted values. The red
line indicates the ideal case where the predicted values perfectly match the actual values. (c,
d) Distribution of residuals (differences between actual and predicted biological activity
values) for the KOR and PIK3CA datasets. The x-axis represents the residual values, and the

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

Performance of fine-tuned generative model
We compared the results of our fine-tuned model with those of the previously
proposed LOGICS framework [15]. We performed pre-training on identically

preprocessed datasets for a fair comparison. Specifically, the generator and predictor
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used in the LOGICS framework were pretrained on identical datasets before fine-
tuning, allowing for a direct performance comparison. The performance of both

models on bioactivity datasets is summarized in Table 3.

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

Performance KOR PIKSCA
Metrics Scaffold-aware LOGICS Scaffold-aware LOGICS
Transformer (KOR) Transformer
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 0.8477 0.8779 0.8645 0.8778
Diversity
PredAct 6.7877 6.3272 7.6213 7.285
PWSIim 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

The scaffold-aware transformer showed competitive results compared to LOGICS
across multiple metrics [15]. Specifically, it achieved validity scores of 0.9802 (KOR)
and 0.9803 (PIK3CA), surpassing LOGICS's 0.9614 and 0.9645. Novelty scores
were also higher, with our model obtaining 0.9998 (KOR) and 0.9993 (PIK3CA)
compared to LOGICS's 0.9810 and 0.9749. Additionally, our model generated
molecules with higher predicted biological activity, achieving values of 6.7877
(KOR) and 7.6213 (PIK3CA) compared to LOGICS's 6.3272 and 7.2850. These
results suggest that the scaffold-aware transformer outperforms LOGICS in terms of

validity, novelty, and predicted biological activity, while LOGICS demonstrates
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higher uniqueness and internal diversity. Overall, the scaffold-aware transformer
shows balanced performance and effectively generates valid and novel molecules
with high predicted activity. This capability is crucial for discovering potential drug
candidates.

We assessed the drug-likeness and synthetic accessibility of the 15,000 molecules
generated by the fine-tuned model using QED and SAS [39, 40]. For KOR, around
20% of all molecules had a QED score above 0.6 and about 99% had an SAS below
5. For PIK3CA, around 46% had a QED above 0.6 and about 99% had an SAS below
5. Detailed summaries and distributions are provided in Section 4 and Fig. S4 of

Supplementary materials.

Attention based substructure analysis

We identified substructures associated with the model’s prediction by using
attention coefficients from a GAT. This approach offers substructure-level
interpretability for the target and identifies molecular motifs that the model considers
most important for predicting binding affinity. We cross-validated the highlighted
substructures with prior studies on mechanisms of action, including reported binding
modes and pharmacophores, to support the model’s interpretation. We performed
this analysis on the PIK3CA-targeted drugs Copanlisib and Alpelisib, and the KOR-
targeted drugs Nalmefene and Buprenorphine. The attention-highlighted
substructures for all drugs are presented in Fig. 6. All drugs used in the analysis have

received FDA approval [41-43].
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Fig. 6. Attention based substructure analysis for PI3Ka and KOR reference drugs. (a)
Copanlisib (b) Alpelisib (c) Nalmefene (d) Buprenorphine. Red highlighted regions indicate

substructures with high attention scores from the graph attention network.

Copanlisib attention analysis highlighted the aminopyrimidine group linked to the
C5 amide of the dihydroimidazoquinazoline core. In the crystallographic binding
model, this group occupies the affinity pocket and forms a three-point hydrogen bond
network in which the exocyclic amine donates to Asp836 and Asp841 and a ring
nitrogen accepts a hydrogen bond from Lys833 [44]. The fused bicyclic core also
engages the hinge valine through a ring nitrogen and anchors the ligand within the
ATP pocket. As reported in previous studies, the morpholinopropyl side chain
extends toward solvent and primarily improves solubility with limited direct
contribution to binding. Findings from lead optimization indicate that the C5
aminopyrimidine is the preferred substitution for potency, the C7 methoxy preserves
pocket fit, and the C8 substituent was optimized to a morpholinylpropoxy group to

tune properties and pharmacokinetics [45]. Taken together, these observations
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indicate that the aminopyrimidine-amide ensemble is a key substructure that
influences PIK3CA inhibition.

For Alpelisib, the attention analysis highlighted the proline-derived carboxamide
linked through a urea and the adjacent 2-aminothiazole motif. Prior structure-activity
relationship (SAR) studies show that Alpelisib donates and accepts hydrogen bonds
to GIn859 and to the backbone carbonyl of Ser854, engages the hinge Val851, and
makes a water-mediated contact from Asp810 and Asp933 to the pyridine nitrogen,
with the charged Lys802 positioned near the trifluoromethyl group [41].
Complementary SAR and docking studies further indicate that contacts with GIn859,
Ser854, and Val851 are central to selectivity and binding, and that the 2-
aminothiazole scaffold with an L-proline-derived carboxamide promotes selectivity
for the PI3Ka subtype. These cross-validated findings support the highlighted motif
as the decisive substructure for a-selective binding [41, 46, 47].

The attention analysis for Nalmefene highlights the phenolic ring and the adjacent
hydroxyl-substituted ring. According to prior docking studies on KOR, Nalmefene
forms three hydrogen bonds in the KOR site. The hydroxyl group of Tyr139 forms a
hydrogen bond with a ligand oxygen, and the ligand hydroxyl forms hydrogen bonds
with the nitrogen of GIn115 and the oxygen of Asp138 [43]. In our visualization, the
highlighted substructure captures the hydroxyl-rich region that can interact with
GIn115 and Aspl38, while the Tyr139 contact is not prioritized by the model’s
attention. The model therefore regards this highlighted moiety as the key motif that

most strongly explains Nalmefene’s binding affinity to KOR.

26



511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

Buprenorphine attention analysis highlighted the tertiary-alcohol motif and
focused on the oxygen-containing segment. Prior docking work on KOR reports a
single hydrogen bond in which the drug’s hydroxyl hydrogen interacts with the
oxygen of residue 1le304 [43]. The highlighted substructure captures the alcohol

functionality capable of mediating this contact.

Discussion

This study contributes to the field of molecular generation by integrating scaffold-
conditioned generation with an attention-based predictor [15, 23, 24]. Our approach
demonstrated high validity and novelty in generating molecules and provided
interpretable structure-activity explanations. These findings suggest that our model
can generate new molecules with desired properties and has the potential to advance
de novo molecular design.

Our ablation study shows that architectural choices and sampling control are key
determinants of generation quality. Using focal loss with multi-scale scaffold
attention improved uniqueness relative to cross-entropy, and a sampling temperature
of 0.9 provided the most balanced validity—uniqueness trade-off (Supplementary
materials, Sections 2-3). Attention-based substructure analysis provided target-level
interpretability. For PI3Ka, highlighted motifs aligned with literature-reported
contacts at VVal851, Ser854, and GIn859. For KOR, the model emphasized hydroxyl-
rich regions consistent with contacts to GIn115 and Asp138 for Nalmefene, and the
11e304 hydrogen bond for Buprenorphine, while deprioritizing the Tyr139 interaction.

These comparisons with prior reports indicate that the features highlighted by the
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model are consistent with reported chemical interactions, rather than incidental. The
generated molecules also showed practical chemistry profiles. Most had SAS values
within ranges consistent with feasible synthesis, and many exhibited moderate to
high QED (Supplementary materials, Section 4).

There are several limitations to this study. First, the generalization capability of
the model is limited. This study was conducted using only two datasets, KOR and
PIK3CA. Such a restricted range of datasets may limit the evaluation of the model's
generalizability. Applying the model to targets related to various diseases, such as
cancer and metabolic disorders, could provide a more comprehensive assessment of
its performance. Second, there is a risk of overfitting to scaffold structures. Scaffold-
based generation offers the advantage of generating new molecules while
maintaining desired scaffold structures; however, there is a risk of the model
overfitting to specific scaffold configurations. This overfitting can diminish the
diversity of generated molecules and reduce the overall effectiveness of the model.
Since the selection and definition of scaffolds directly affect the model's performance
and generation outcomes, strategies to increase scaffold diversity and prevent
overfitting are necessary. For example, using multiple scaffolds simultaneously or
adopting training methods that consider the structural diversity of scaffolds could
mitigate this issue.

This study also suggests several ways for extension. First, multi-objective fine-
tuning that optimizes predicted bioactivity together with ADMET-related proxies
such as permeability, clearance, and safety risk could bring the generated molecules

closer to downstream developability needs. Second, incorporating structure-based
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signals such as receptor-specific constraints and physics-guided priors into the
training loop may further strengthen the link between attention-derived motifs and
true binding determinants. Overall, our integration of scaffold-conditioned
generation with a cyclic learning mechanism represents a novel contribution to the
field, potentially advancing the development of more effective drug discovery

methods.

Conclusion

In this study, we introduced a scaffold-aware generative framework that integrates
a transformer-based generator and a GAT-based predictor [23, 24]. In this study, we
introduced a scaffold-aware generative framework that integrates a transformer-
based generator and a GAT-based predictor [23, 24]. By incorporating multi-scale
attention mechanisms, our approach enables explicit scaffold control while exploring
chemical diversity around user-specified core structures. A cyclic learning
mechanism with tournament selection and experience memory facilitates continuous
optimization toward high-affinity, scaffold-consistent candidates [15]. Experimental
results on KOR and PIK3CA targets demonstrated that the proposed method
achieves high validity and novelty while generating molecules with higher predicted
biological activity compared to baseline approaches. Attention-based analysis of
FDA-approved drugs revealed that the model highlights substructures consistent with
known binding interactions, providing interpretable insights into structure-activity
relationships. Assessment of drug-likeness and synthetic accessibility revealed that

the generated molecules exhibit practical chemistry profiles, with the majority
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showing favorable synthetic feasibility. Ablation studies confirmed that the
combination of focal loss and multi-scale attention mechanisms significantly
improves generation quality, and demonstrated that appropriate temperature control
achieves an optimal balance between validity and uniqueness. This study presents a
balanced and effective approach for generating novel bioactive molecules,
highlighting its potential applicability in drug discovery and material design. Future
research is expected to contribute to the generation of more complex molecular
structures and the expansion of models to consider a broader range of biological

properties.
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Section 1) SMILES sequence generation process

The SMILES sequence generation process is depicted in Fig. S1. Before sequence
generation, the generator requires predefined initial tokens and scaffold conditions.
The generation process starts by providing the start token [SOS] and the desired
scaffold condition as inputs to the generator. The generator predicts the next-token
probability distribution by applying the softmax function to its output logits.
According to this probability distribution, the next token is sampled and added to the
current sequence. The extended sequence is then used again as input to the generator
to predict the subsequent token. This process repeats until the [EOS] token is
generated or the length of the generated sequence reaches the predefined maximum
length of 100 tokens. Once generation is complete, the generator returns a sequence
of token indices. Using the predefined vocabulary, these indices are converted into
their corresponding tokens, which are then concatenated to obtain the final SMILES

string.
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Fig. S1. The process of new molecular generation. This figure illustrates the step-by-step
process of generating new molecules using the generator. In the first step, the next token (C)
is predicted based on the [SOS] token and the input scaffold. The predicted token is
concatenated with the [SOS] token. In the second step, the next token (O) is predicted based
on the concatenated sequence and the scaffold. This process continues until an [EOS] token

is generated or up to 100 iterations.
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Section 2) Ablation study to examine the impact of different components
on the performance of the generative model

We conducted an ablation study to examine the impact of different components on
the performance of the generative model, comparing three variants: (i) generator
trained using cross-entropy as the loss function, (ii) generator trained with multiscale
attention using scales 1 through 5, and (iii) generator trained without applying
multiscale attention. We compared these models to evaluate how the loss function
and the application of multiscale attention affect the quality and diversity of the
generated molecules. The results highlight the significance of multiscale attention
mechanisms and appropriate loss functions in enhancing the model's ability to
generate molecules with desired properties. The performance differences between the
proposed model and these ablated models are presented in Fig. S2. The generator
using cross-entropy achieved a validity 0.014 higher than the proposed model but
recorded a uniqueness 0.17 lower. The generator with multiscale attention using
scales 1 through 5 achieved validity and uniqueness 0.07 lower than the proposed
model. Lastly, the generator without applying multiscale attention recorded a validity
0.019 lower and a uniqueness 0.159 lower than the proposed model. All models
achieved a novelty of 1.0. While the model using cross-entropy achieved higher
validity than the proposed model, its uniqueness was markedly lower. The two

remaining variants recorded lower values in both validity and uniqueness.
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795  Fig. S2. Results of the ablation study on the proposed model. The figure compares the
796  performance of three variants: (i) generator trained using cross-entropy as the loss function,
797  (ii) generator trained with multiscale attention using scales 1 through 5, and (iii) generator
798  trained without applying multiscale attention. The x-axis represents each specific model, and

799  the y-axis represents the metric values.
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Section 3) Comparison of token-wise probability distributions at different
temperatures during SMILES generation

Validity and uniqueness have a trade-off relationship. When validity decreases, the
denominator in the calculation of uniqueness becomes smaller, leading to an increase
in uniqueness. Temperature plays a critical role in this balance because it controls
randomness during SMILES generation. In our model, the temperature parameter
controls the randomness in selecting the next token. A higher temperature flattens
this distribution, allowing the model to explore a wider range of possible tokens. This
exploration increases diversity and uniqueness in the generated molecules but can
lead to syntactically incorrect or chemically invalid SMILES, thereby reducing
validity. Conversely, a lower temperature sharpens the probability distribution,
making the model more likely to select the most probable tokens. This increases the
likelihood of generating valid molecules but may result in repetitive or similar
structures, decreasing uniqueness. As depicted in Fig. S3, the probability
distributions at different temperatures demonstrate this effect. When the temperature
is 0.7, the differences in probabilities among tokens are large, resulting in a sharper
distribution. In contrast, at a temperature of 1.3, the differences in token probabilities
decrease, leading to a flatter distribution. Thus, finding the optimal temperature
parameter is crucial. We compared the performance of the pre-trained generator at
different temperature settings. When the temperature was 0.7, it achieved a high
validity of 0.982 but recorded a uniqueness of 0.875. At temperature 1.0, validity
dropped to 0.942, whereas uniqueness rose to 0.971. When the temperature was 0.9,

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

settings is summarized in Table S1.
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Fig. S3. Probability distributions over tokens at different temperature settings during

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

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

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

represents the distribution at temperature 1.3.

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

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
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Section 4) Chemical properties of the generated molecules

We calculated the quantitative estimate of drug-likeness (QED) and the synthetic
accessibility score (SAS) to evaluate the chemical properties of the generated
molecules. QED evaluates the likelihood that a molecule is a potential drug candidate
on a scale from 0 to 1 SAS evaluates the synthetic feasibility of a molecule on a scale
from 1 to 10. Higher QED values indicate greater drug-likeness, suggesting that
these molecules are more promising as drug candidates. Lower SAS values suggest
that the molecules can be synthesized with relative ease. We subsequently generated
15,000 molecules using the fine-tuned model and calculated QED and SAS for each
one. The distributions of QED and SAS for the generated molecules are presented in
Fig. S4. In the case of KOR, the QED values ranged from a minimum of 0.016 to a
maximum of 0.947. Around 20% of all molecules had a QED score greater than 0.6,
and around 7% had QED greater than 0.8. The SAS values ranged from a minimum
of 1.83 to a maximum of 5.91. Around 99% of all molecules had SAS less than 5,
and around 32% had SAS less than 3. In the case of PIK3CA, the QED values ranged
from a minimum of 0.028 to a maximum of 0.947. Around 46% of all molecules had
QED greater than 0.6, and around 11% had QED greater than 0.8. The SAS values
ranged from a minimum of 1.66 to a maximum of 5.04. Around 99% of all molecules

had SAS less than 5, and 60% had SAS less than 3.
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854  Fig. S4. Distributions of QED and SAS of the generated molecules. (a, b) QED distributions
855  for KOR and PIK3CA datasets. (c, d) SAS distributions for KOR and PIK3CA datasets. The

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