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Abstract: Effective inhibitors for the epidermal growth factor receptor (EGFR) still present a major obstacle in the development of
cancer drugs. In this work, we create new EGFR inhibitors using generative artificial intelligence (AI) by fine-tuning a GPT-2 model
on a dataset comprising around 500,000 molecules from the ChEMBL database. We evaluate our method against a Long Short-Term
Memory (LSTM) network trained on the same dataset to create benchmarks. Before being filtered depending on Lipinski’s rule of five,
synthetic accessibility, and drug-likeness scores, the produced compounds were evaluated for validity, distinctiveness, and novelty. To
assess their binding affinities, chosen candidates underwent molecular docking experiments against EGFR (PDB ID: 1M17). Our results
show that although GPT-2 excels in producing structurally varied molecules, the LSTM model generates a larger fraction of chemically
valid compounds. Many produced candidates showed good binding interactions with EGFR, therefore highlighting the possibilities of
deep learning-based generative models in hastening the early phases of therapeutic development. This work presents a scalable method
for creating tailored cancer treatments by showing the synergy between AI and in silico drug design.
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1. Introduction

The process of drug discovery has consistently been a labo-
rious endeavor that spans several years. Despite advancements in
high-throughput screening and combinatorial chemistry, the task
of discovering new, effective, and safe compounds continues to
be a significant challenge, primarily because of the high costs
associated with experimental validation [1]. In recent years, the
process has been progressively redefined through the growing use
of artificial intelligence (AI). In particular, generative models have
shown promise in proposing entirely new chemical structures that
meet predefined criteria such as drug‐likeness, synthetic accessi-
bility, and target binding affinity [2]. Generative deep learning
approaches offer powerful frameworks for automated molecu-
lar design, though careful evaluation of novelty, validity, and
synthesizability remains critical [3].

Central to this shift is the adoption of SMILES strings.
Representing “Simplified Molecular Input Line Entry System,”
SMILES provides a text-based method for describing chemical
structures. It translates a molecule’s connectivity and stereo-
chemistry into a streamlined sequence of characters, allowing
computers to effortlessly interpret and recreate it as 2D or 3D
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models [4]. This notation has established itself as a benchmark
for sharing chemical data across databases and software plat-
forms, as it offers an efficient and compatible representation.
In its canonical form, SMILES provides a near-bijective map-
ping between molecular structures and their string representations
(Figure 1), ensuring that each molecule corresponds to a unique
string, which reduces redundancies and improves the consistency
of the training.

Their structured yet flexible nature makes SMILES well-
suited for deep learning, where molecules are treated as
sequences and learned much like language; they are now widely
used in generative models for exploring and designing novel
compounds [5, 6].

Our research utilizes the Protein Data Bank (PDB) for the
macromolecule 1M17 (Figure 2), on which the docking simula-
tion of the generated candidate compounds will be performed
[7]. This database provides experimentally validated 3D structural
data essential for accurately modeling protein–ligand interactions
and assessing binding affinity.

ChEMBL is a large-scale, manually curated bioactivity
database that features chemical structures of drug-like com-
pounds, as well as detailed information on bioactivity and targets
[8]. The extensive dataset provided by ChEMBL, which encom-
passes binding affinities, assay outcomes, and pharmacological
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Figure 1. Depiction of canonical SMILES as a bijectivemolecular
representation

Figure 2. Crystal structure of 1M17

profiles, is an essential resource for training machine learning
models in the field of drug discovery.

One notable advancement is the adaptation of language
models to the field of chemistry. Models such as GPT-2, initially
created for natural language processing, have been retrained on
SMILES strings, enabling them to effectively “speak” the lan-
guage of molecules. Thanks to their Transformer architecture,
these models can capture long-range dependencies in sequen-
tial data, which is crucial for generating innovative and diverse
molecular designs [9]. In our research, we fine-tuned a GPT-2 as
well as a Long Short-Term Memory (LSTM) model using the
ChEMBL dataset, allowing them to generate SMILES strings
that represent chemically plausible and synthetically accessible
molecules. Following the generation process, we apply established
filters based on Lipinski’s rules and synthetic accessibility scores
(SASs) to identify candidates with favorable pharmacokinetic
profiles [10, 11].

This study focuses on the epidermal growth factor receptor
(EGFR), a crucial protein associated with several cancers, includ-
ing non-small cell lung cancer (NSCLC), colorectal cancer, and
glioblastoma [12, 13]. For validation purposes, we utilize the crys-
tal structure of EGFR (PDB ID: 1M17) as the docking target and
employ PyRx to simulate binding interactions [14, 15]. By com-
bining AI-driven molecule generation with thorough filtering and
docking analysis, our approach seeks to enhance the efficiency of
the initial stages of lead compound identification.

In the past few years, advances in deep generative model-
ing have revolutionized the field of de novo drug design. Early
investigations using architectures such as generative adversarial
networks and variational autoencoders (VAEs) demonstrated that
deep learning can capture complex chemical representations and
propose innovative therapeutic candidates that overcome the con-
straints of traditional combinatorial chemistry [16]. For instance,
methods based on recurrent neural networks (RNNs) have been
shown to generate diverse molecular libraries, often outperform-
ing conventional techniques in terms of structural variety [2].
Deep learning enables exploration of novel chemical space and
structure-property relationships; however, challenges related to
model generalization and interpretability remain [17].

Graph neural networks are emerging as promising alter-
natives to SMILES-based models in molecular generation and
property prediction; however, these approaches still exhibit
notable limitations [18].

Subsequent evaluations of various generative strategies—
including both VAEs and Transformer-based approaches—
revealed that Transformer models excel at producing chemically
valid and diverse structures. In this context, the GPT-2 model,
originally designed for natural language processing, has been
adapted to generate SMILES strings, a compact text representa-
tion of chemical compounds. By fine-tuning GPT-2 on extensive
chemical datasets, researchers have successfully generated novel
drug-like molecules. Further refinement through post-generation
filtering using criteria such as Lipinski’s rule of five and synthetic
accessibility metrics ensures that the candidate compounds are
optimized for practical drug discovery applications [9].

Another study introduced a deep transfer-learning strategy
utilizing an LSTM architecture to design inhibitors targeting the
SARS-CoV-2 main protease [19, 20]. This work demonstrated
that such models can rapidly produce compounds with promising
antiviral properties, underscoring their value during public health
emergencies.

Meanwhile, molecular docking remains an indispensable
tool in drug discovery. Platforms such as PyRx, which inte-
grate AutoDock Vina [21], facilitate high-throughput docking
simulations to assess the binding interactions between candidate
molecules and their biological targets. Improvements in dock-
ing algorithms have led to faster and more accurate binding
affinity predictions, creating a robust screening pipeline when
combined with generative models. For example, docking studies
have been effectively employed to validate AI-generated inhibitors
for targets such as EGFR, a key oncogenic protein in cancer
therapy.

Furthermore, the advent of high-accuracy protein struc-
ture prediction tools like AlphaFold has significantly enhanced
the drug design process [22]. AlphaFold’s capability to predict
previously uncharacterized protein structures with exceptional
precision provides reliable receptor models that improve docking
studies. Its applications to targets such as the SARS-CoV-2 spike
protein and mutated forms of EGFR have yielded critical struc-
tural insights that accelerate both vaccine development and the
design of targeted inhibitors.
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Collectively, these developments—from Transformer-based
molecule generation and transfer learning to advanced docking
simulations and state-of-the-art structure prediction—illustrate
that the integration of modern AI techniques steadily bridges
the gap between computational predictions and experimental
outcomes in drug discovery.

Unlike previous EGFR molecular generation studies, this
work directly compares Transformer-based (GPT-2) and recur-
rent (LSTM) architectures under identical training conditions
while incorporating an iterative transfer-learning strategy driven
by molecular docking feedback. This enables simultaneous eval-
uation of validity, uniqueness, novelty, drug-likeness, synthetic
accessibility, and docking performance.

2. Materials and Methods

2.1. Data collection

The main format used in this work for presenting chemical
compounds was SMILES (Simplified Molecular Input Line Entry
System) [23, 24]. SMILES encodes complex chemical structures
into a linear text format, letting sequential and generative models
treat molecular design as a sequence-to-sequence task and rapidly
generate and optimize novel drug-like candidates [25, 26]. Its tex-
tual nature integrates smoothly into deep learning architectures,
easing the generation, validation, and transformation of molecu-
lar data relative to graphical or three-dimensional representations
[27]. The compact SMILES format is also efficient for process-
ing vast chemical libraries and compatible with cheminformatics
tools such as molecular docking and drug-likeness assessment,
and its canonical form ensures a single, consistent representation
of each molecule during training and testing. In this work, we
aimed to create SMILES strings representing compounds target-
ing EGFR, a protein linked to several malignancies, especially
NSCLC [28]. EGFR was chosen for its central role in control-
ling differentiation, survival, and proliferation; its overexpression
or mutation drives uncontrolled cell growth, and small-molecule
inhibitors that block its signaling pathways have shown great
success in many trials [29, 30]. Because it is often mutated in
cancer patients and mutations like L858R and T790M create
resistance against first-generation inhibitors [31], the EGFR pro-
tein is also a difficult target [32]. EGFR is therefore a promising
target for new inhibitors able to overcome resistance mecha-
nisms. Representing EGFR-blocking compounds as SMILES
enables fast virtual screening of candidates, and randomized
SMILES augmentation further improves generative-model learn-
ing by exposing alternative molecular representations during
training [33].

2.2. Ligands

SMILES encodes molecules as compact, human-readable
linear strings (e.g., ethanol is written “CCO”), and its character-
based form is easily tokenized and fed to sequential models such
as GPT-2 and LSTM for forecasting and synthesizing novel com-
pounds [34]. Its wide adoption in cheminformatics databases such
as ChEMBL [8], DrugBank [35], and PubChem [36] confirms
its significance, and its adaptability captures stereochemistry and
diverse bond types. This work derived a subset of almost 500,000
ligands with corresponding SMILES representations. The choice
criteria guaranteed relevance to therapeutic uses by including
compounds with claimed action against recognized pharmaco-
logical targets. To ensure compatibility with the GPT-2 and

LSTM models, the SMILES dataset strings underwent rigorous
preprocessing. This process included standardizing the SMILES
format, removing salts and counterions, and filtering out
molecules that did not meet fundamental chemical validity crite-
ria, such as those with disconnected structures or incorrect syntax.
After tokenizing the preprocessed SMILES strings, each charac-
ter or collection of characters—tokens—represents an atomic or
molecular substructure. The model was able to build appropriate
chemical structures by means of this tokenizing approach. Several
utility functions were developed: methods to translate molecules
to SMILES and translate SMILES into an SDF file usable by
PyRx.

2.3. Macromolecule

Here are some key structures of the EGFR available in the
PDB, which are relevant for research:

1) PDB ID: 1M17 – This is the structure of the EGFR kinase
domain bound to an inhibitor. It is one of the most studied
EGFR structures and is frequently used in molecular docking
and drug design studies.

2) PDB ID: 2ITN – This structure represents the EGFR kinase
domain in complex with Erlotinib, a well-known tyrosine
kinase inhibitor used for cancer treatment.

3) PDB ID: 4HJO – This structure shows the EGFR kinase
domain with the inhibitor Afatinib, another important drug
for EGFR-targeted cancer therapies.

4) PDB ID: 5UG9 – This is a structure of the EGFR T790M
mutant bound to an irreversible inhibitor. The T790M
mutation is associated with drug resistance in NSCLC.

5) PDB ID: 3W2S – This structure depicts the EGFR extra-
cellular domain bound to an antibody fragment, providing
insights into the receptor’s conformation and its interactions
with therapeutic antibodies.

These sites can provide excellent structural details that
are crucial for understanding EGFR’s interaction with various
inhibitors and for conducting molecular docking studies. For our
study, we used 1M17 [7].

The EGFR, a member of the ErbB family of receptor tyro-
sine kinases, controls proliferation, differentiation, and survival.
It is especially important in oncology because its overexpression or
mutation in malignancies such as glioblastoma, colorectal cancer,
and NSCLC drives uncontrollable cell division [28].

Often the focus of medication creation is the EGFR kinase
domain, which drives phosphorylation of downstream signaling
proteins. Mutations in the kinase domain such as the well-
documented L858R or T790M mutations are linked to both
sensitivity to tyrosine kinase inhibitors and treatment resistance
[37]. Small chemical targeting of the kinase domain helps to
efficiently disrupt the downstream signaling cascades, therefore
limiting tumor growth and proliferation.

PDB ID 1M17, a well-studied model of the EGFR kinase
domain bound to an inhibitor, exposes the active conformation
of the kinase and thus how small-molecule inhibitors bind and
reduce its activity. Several EGFR-targeted treatments, including
reversible inhibitors like those in Figure 2, have been modeled
from this structure. Both 1M17, the crystal structure of EGFR,
and the inhibitors Gefitinib and Erlotinib have been shown
to significantly improve outcomes in EGFR-mutant NSCLC
patients [28].

1M17 also highlights the key residues of the ATP-binding
site, essential for designing inhibitors that outcompete ATP and
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block EGFR phosphorylation. Structural insights from this model
have guided first-, second-, and third-generation inhibitors aimed
at overcoming resistance mutations such as T790M [12]. Modern
drug research initiatives are still guided by the thorough awareness
of EGFR’s binding pocket and conformational flexibility given by
the 1M17 structure.

3. Model Background

This pipeline architecture (Figure 3) serves as the foundation
for progressively improving the precision of the generated molecu-
les that meet our criteria for selection [30]. For both models.

GPT-2 was selected as a representative Transformer-based
language model, whereas LSTM represents a well-established
recurrent architecture for molecular generation, allowing a direct
comparison between attention-based and recurrent sequence
modeling.

The first goal depicted by the architecture above is to train a
model that can generate SMILES with high or satisfactory valid-
ity and uniqueness. After that, we generate a sample of 10,000
SMILES that will be filtered using validity, uniqueness, Lipin-
ski’s rule of five, and, given that the generated molecules are
novel, SAS. The filtered molecules are passed to PyRx to deter-
mine the binding affinity score, and then the top 100 molecules
plus 15 from the general models to promote some randomness
were used in transfer learning to fine-tune the models. The pro-
posed framework does not perform a single generation step.
Instead, the highest-scoring docked molecules are recursively used
for transfer learning, progressively biasing subsequent generations
toward regions of chemical space associated with improved EGFR
affinity.

Figure 3. Process architecture

3.1. GPT-2 architecture and Transformer mechanism

Employed in this work to generate unique SMILES strings,
the GPT-2 model is based on the Transformer architecture.
Targeted compound generation through deep generative mod-
els enables more efficient lead optimization and scaffold hopping
[38, 39]. Designed to analyze data sequences, the model excels
at identifying long-range dependencies—essential for produc-
ing chemically correct SMILES. The original Transformer uses
an encoder–decoder structure, whereas GPT models such as
GPT-2 retain only the decoder stack and generate tokens autore-
gressively from previously generated tokens [33]. Self-attention
and feed-forward neural networks abound in every layer of the
Transformer.

1) Self-Attention Mechanism: At the heart of the Transformer
model is the self-attention mechanism, which allows the model
to weigh the importance of different tokens in the input
sequence relative to each other. The attention mechanism is
defined by Equations (1)–(4):

Attention(Q,K,V ) = Softmax (QKT√dk )V (1)

where Q, K, and V represent the query, key, and value
matrices, respectively. The denominator √dk is a scaling
factor, where dk is the dimensionality of the key vectors.
This scaling prevents excessively large dot-product values
that could cause the Softmax function to become satu-
rated, thereby improving numerical stability and gradient flow
during training.

2) Multi-Head Attention: The attention mechanism is applied
multiple times in parallel, known as multi-head atten-
tion, which allows the model to capture different types of
relationships between tokens [39]. Multi-head attention is
defined as:

Multihead(Q,K,V ) = Concat(head1, head2, . . . headh)WO

(2)

where each head i is a separate attention mechanism with its
own learned weight matrices and Wo is the output weight
matrix.

3) Feed-Forward Networks: After the attention layers, each token
is passed through a position-wise feed-forward network [40].

FFN(x) = max(0, xW1 + b1)W2 + b2 (3)

These feed-forward networks apply transformations to
each token independently, helping to map the output of the
attention layers into a richer, more expressive space.

4) Positional encoding: Since the Transformer architecture doesn’t
inherently capture the order of tokens, a positional encoding
is added to the input embeddings [41]:

PE ( pos, 2i) = sin ( pos

100002i/dmodel )
PE ( pos, 2i + 1) = cos ( pos

100002i/dmodel ) (4)

Where:

Pos: The position of the token in the sequence (e.g., 0, 1, 2, ...).
i: The embedding dimension index.
dmodel: The dimensionality of the embedding vector.
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10000
i
d : A scaling factor that ensures the positional encodings

operate over different wavelengths for different dimensions.

Sinusoidal functions allow the positional encodings to be peri-
odic and continuous, enabling the model to generalize to unseen
sequence lengths during inference. Using sine for even indices and
cosine for odd indices ensures a unique encoding for each position
and dimension.

3.2. GPT-2’s adaptation for SMILES generation

GPT-2 is a unidirectional Transformer, which means that
at each step, it generates the next token in a sequence based
on the previously generated tokens. This autoregressive process
is well-suited for generating SMILES strings [42], which require
maintaining strict chemical rules and dependencies between
atomic substructures. During training, GPT-2 learns to predict
the next token in a sequence given the previous ones. In the case
of SMILES generation, this corresponds to predicting the next
atom or bond in a molecular structure. The model is trained using
a maximum likelihood estimation (MLE) objective, which mini-
mizes the difference between the predicted and actual sequences.
The fine-tuning process employed in this study ensured that GPT-
2 captured the nuanced relationships between atoms in SMILES
strings [43]. Through its attention mechanism, the model learns
to focus on chemically relevant parts of the sequence when gen-
erating new molecules. This is especially important for ensuring
the chemical validity of the generated structures. The MLE objec-
tive is fundamental in training models like GPT-2, especially for
sequence generation tasks such as generating SMILES strings.
The goal of MLE is to maximize the likelihood that the model
assigns to the correct sequence of tokens (e.g., atoms or molecu-
lar bonds in SMILES) in the training dataset. The training loss
(LMLE) is defined in Equation (6):

For a given sequence of tokens:

X = (x1, x2. . . xT) (5)

where T denotes the length of the sequence and xt rep-
resents the token at position t. The MLE objective maximizes
the probability of the observed sequence under the model’s
learned parameters θ. This is done by minimizing the negative
log-likelihood of the sequence:

LMLE = −∑T

t=1
logP(xt ∨ x1, x2, . . . , xt−1; 𝜃) (6)

Where:

LMLE: The loss function (negative log-likelihood) to be
minimized.
T: The length of the sequence.
xt: Token at position t in the sequence.
P(xt|x1, x2, . . . , xt−1; 𝜃): The probability of the current token
xt, conditioned on all previous tokens in the sequence (x1 to
xt), computed using the model with parameters θ.θ: The parameters of the model (e.g., weights and biases of the
neural network).

Log Probability: We use the logarithm of the conditional
probability as it turns the product of probabilities into a sum,
which is easier to compute and optimize [44].

Negative Log-Likelihood: We minimize the negative log-
likelihood because maximizing the likelihood is equivalent to
minimizing its negative, an approach more conventional in
optimization routines [45].

During training, this loss function is optimized by adjusting
the parameters θ using techniques like backpropagation and gra-
dient descent to reduce the loss, improving the model’s ability to
predict the next token in a sequence.

In the context of SMILES generation, this means the model
is learning to predict the next atom, bond, or molecular sub-
structure in the string given all previous ones, thereby generating
chemically valid molecules. Transformer-based language models,
such as GPT architectures, are increasingly adopted for chemi-
cal space exploration due to their flexibility in capturing chemical
grammar [46].

3.3. LSTM architecture

LSTM networks (Figure 4) are a specialized form of RNNs,
designed to address the problem of long-term dependencies in
sequential data. Unlike traditional RNNs, LSTMs are capable of
learning from long sequences without suffering from the vanish-
ing gradient problem, which often prevents RNNs from effectively
capturing long-range dependencies [47]. LSTMs achieve this by
using a series of gates—input, forget, and output gates—that
regulate the flow of information into and out of the memory
cells [48]. These gates allow the network to decide which infor-
mation to keep, which to forget, and which to output at each
time step, thus maintaining the important context across long
sequences [49].

Figure 4. Architecture of an LSTM cell

Where:

• Forget Gate: f t = 𝜎(W f . [ht−1, xt] + b f )
The forget gate determines which information from the previous
state should be discarded.

• Input Gate: it = 𝜎(Wi . [ht−1, xt] + bi)
The input gate controls the update of new information to the
memory cell.

• Cell State Update: Ct = ft⊙ Ct − 1 + ⊙ tanh(Wc · xt + Uc ·
ht − 1 + bc)
The cell state is updated based on the input and forget gates
[48].

• Output Gate: ot = 𝜎(Wo . [ht−1, xt] + bo)
The output gate decides what part of the memory cell’s state
will be passed to the next hidden state.

• Hidden State Update: ht = ot . tanh(Ct)
The new hidden state is computed by combining the output
gate’s decision and the current cell state [47–49].

• And: C̃t = tanh (Wc · xt +Uc · ht−1 + bc)
Pdf_Fol io:5 05
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3.4. SMILES generation and evaluation

SMILES Generation: Upon completion of training, the fine-
tuned GPT-2 and LSTM models generated a batch of 1,000 novel
SMILES strings by sampling from each model’s output distribu-
tion, with temperature scaling applied to control the randomness
of the generated sequences for both models.

Filtering Criteria: The generated molecules were subjected to
a rigorous filtering process to ensure drug-likeness and synthetic
feasibility:

Lipinski’s Rule of Five: Each molecule was evaluated against
Lipinski’s rule of five, which stipulates that a drug-like molecule
should have no more than five hydrogen bond donors, no more
than 10 hydrogen bond acceptors, a molecular weight under 500
Daltons, and a logP (octanol-water partition coefficient) under
5 [9]. Beyond Lipinski’s rule, additional physicochemical prop-
erties such as brain penetration and CNS permeability guide
drug-likeness assessments; for example, for a drug to cross the
blood-brain barrier, the molecular weight should usually be less
than 300 Da among other conditions [50].

Drug-likeness: The drug-likeness of each molecule was
assessed using QED (Quantitative Estimate of Drug-likeness),
a metric that considers several physicochemical properties to
quantify the likelihood that a molecule possesses favorable
characteristics for drug development [51].

Synthetic Feasibility: Synthetic feasibility was evaluated
using the SAS, which estimates the ease with which a molecule can
be synthesized based on its structural complexity and the pres-
ence of common chemical fragments. Only molecules that met all
three criteria were retained for further analysis. Machine-learned
synthetic accessibility scoring such as RAscore enables rapid esti-
mation of molecule synthesizability, complementing traditional
SAS approaches [52].

In the context of SMILES generation, traditional metrics
such as accuracy, precision, and Fβ score do not fully capture
model performance; we need to employ new metrics like validity,
uniqueness, novelty [28], and SAS.

These metrics are defined in Equations (7), (8), and (9):

Validity = |Valid(A)||A| (7)

Uniqueness = |set(A)||A| (8)

Novelty = |{m ∈ Valid (A) ∶ m ∉ T}||Valid(A)| (9)

where A represents the generated molecules, Valid (A) refers
to the valid molecules generated, Set (A) denotes the non-duplicate
molecules generated, and T refers to the training set molecules.
A conversion of the generated molecules into canonical SMILES
is required before comparing them with the canonized training set.

The SAS is computed using the scoring functions defined in
Equations (10)–(14):

Penalty = N1.005
a −Na (10)

StereoPenalty = log10(Nc + 1) (11)

SpiroPenalty = log10(Ns + 1) (12)

BridgePenalty = log10(Nb + 1) (13)

MacrocyclePenalty = {log10 (2) i fNm > 0

0i fNm = 0
(14)

Where:

Na: Number of atoms
Nc: Number of chiral centers
Ns: Number of spiros
Nb: Number of bridgeheads
Nm: Number of macrocycles

3.5. Molecular docking studies

Target Macromolecule: The EGFR was selected as the dock-
ing target given its central role in cancer and its status as a
validated drug target. The crystal structure of EGFR (PDB ID:
1M17) was downloaded from the PDB [7] and prepared for
docking. This preparation included removing water molecules,
adding polar hydrogens, and computing Gasteiger charges using
AutoDockTools.

Docking Protocol: Molecular docking was performed using
PyRx, a virtual screening tool that integrates AutoDock Vina for
docking simulations. The prepared EGFR structure was used as
the receptor, and the filtered SMILES strings were converted to
PDBQT format for docking. Each ligand was docked into the
active site of EGFR, with the docking grid centered on the binding
site of the co-crystallized ligand in the 1M17 structure. The grid
box dimensions were set to ensure coverage of the entire binding
pocket, and the values are:

X = 100.20 Å Y = 73.89 Å Z = 59.38 Å

Binding Affinity Calculation: The binding affinity of each
ligand to EGFR was calculated using AutoDock Vina’s scoring
function, which estimates the free energy of binding. Ligands with
the lowest binding affinity scores (i.e., most negative) were con-
sidered to have the strongest interactions with EGFR and were
retained for further analysis and filtered further.

Statistical Analysis: The distribution of binding affinity
scores was analyzed to identify outliers and trends among the
top-scoring ligands. Descriptive statistics, such as mean, median,
and standard deviation, were calculated to attempt to quan-
tify the obtained results. Correlation analysis was conducted to
explore the relationship between the binding affinity scores and
the drug-likeness and synthetic feasibility metrics.

Selection of Lead Compounds: Based on the docking results,
a subset of ligands with the most promising binding affinities,
drug-likeness, and synthetic feasibility scores were selected as
potential lead compounds. These leads were prioritized for fur-
ther experimental validation and structure–activity relationship
studies.

3.6. Docking protocol validation

Before docking the generated compounds, we validated
(Figure 5) the protocol by redocking the co-crystallized lig-
and AQ4 into the prepared EGFR receptor (PDB ID: 1M17)
under the same parameters used throughout the study. The
search grid was centered on the crystallographic binding pocket
at (22.0, 0.3, 52.8), with a box of 25 × 25 × 25 Å. Agree-
ment between the redocked and crystallographic poses was
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Figure 5. Redocking validation of the co-crystallized ligand AQ4 in EGFR (PDB ID: 1M17), showing a heavy-atom RMSD of 1.48 Å

measured as the heavy-atom root-mean-square deviation
(RMSD), and an RMSD below 2.0 Å was taken to indicate a
reliable protocol.

4. Results and Discussion

4.1. Training comparison

The training dynamics of the GPT-2 and LSTM models
exhibit distinct behaviors that reflect the underlying architectural
differences between Transformer-based and RNN approaches.
These differences are evident in convergence speed, loss sta-
bility, and sensitivity to overfitting [53]. During training, the
GPT-2 model showed a gradual reduction in loss over suc-
cessive epochs, indicating steady learning of SMILES token
distributions. However, the convergence process was relatively
slower and exhibited higher variability compared to the LSTM
model. As training progressed, continued optimization beyond
a certain point did not lead to substantial performance gains
and would likely increase the risk of overfitting. This behav-
ior can be attributed to the high model capacity of GPT-2,
which enables extensive exploration of chemical space but requires
careful regularization and early stopping strategies to maintain
generalization.

In contrast, the LSTM-based model demonstrated faster
and more stable convergence during training. The loss decreased
smoothly and reached a plateau after fewer epochs, suggesting
efficient learning of sequential dependencies inherent to SMILES
representations. The inclusion of batch normalization contributed
to improved training stability and reduced sensitivity to fluctua-
tions in gradient updates. Additionally, the gating mechanisms of
the LSTM architecture facilitated effective retention of chemically
relevant patterns across long sequences, limiting the generation of
syntactically invalid structures during training [47, 48, 54].

Overall, the training phase highlights a fundamental trade-
off between the two architectures. GPT-2 benefits from greater
expressive capacity and flexibility but requires careful tuning to
prevent overfitting, whereas the LSTM model offers a more stable
and efficient training process for structured chemical sequences.
These observations are consistent with the quantitative per-
formance differences reported in subsequent sections and help
explain the superior validity achieved by the LSTM model in this
study.

We used the following LSTM parameters (Table 1).
The following table (Table 2) presents the hyperparameters

for LSTM.
The parameters used for the GPT-2 model are as follows

(Table 3).

Table 1. LSTM parameters

Parameter Description Value

Embedding Dim Dimensionality of the character embedding layer 128 / 192 / 256 (search)

LSTM Layer 1 Units Hidden units in the first LSTM layer 256 / 384 / 512 (search)

LSTM Layer 2 Units Hidden units in the second LSTM layer 256 / 384 / 512 (search)

Dropout Dropout rate applied after each BatchNorm 0.2 / 0.3 / 0.35 (search)

Recurrent Dropout Dropout inside LSTM recurrent connections (set to 0 for cuDNN) 0

Vocab Size Number of unique characters in the vocabulary (data-dependent) Data dependent

Max Sequence Length Clipped at 95th percentile of tagged SMILES lengths, range [32, 256] Data dependent

Output Layer TimeDistributed Dense layer over vocab size (logits, no softmax) Vocabulary size
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Table 2. LSTM hyperparameters

Hyperparameter Description Value

Max Epochs Maximum training epochs (before early stopping) 100

Batch Size Number of samples per gradient update 128

Learning Rate Adam optimizer learning rate 3× 10–⁴
Optimizer Optimization algorithm Adam

Loss Function Sparse categorical cross-entropy (from logits) SparseCategorical
Crossentropy

Validation Split Fraction of data reserved for validation 0.1 (10%)

Shuffle Buffer Buffer size for tf.data.Dataset.shuffle 10,000

Early Stopping Patience Epochs to wait without val_loss improvement before stopping 6

Early Stopping Monitor Metric monitored for early stopping val_loss

Restore Best Weights Restore model weights from the epoch with best val_loss TRUE

Search Max Epochs Epochs per candidate during architecture search 10

Random Seed Seed for reproducibility (NumPy, TF, Python random) 42

Table 3. GPT-2 parameters

Parameter Description Value

Model Type Pre-trained base model gpt2 (GPT-2 Small)

Architecture Model class GPT2LMHeadModel
n_layer Number of Transformer decoder layers 12

n_head Number of attention heads per layer 12

n_embd Hidden size/embedding dimensionality 768

n_ctx Context window size (max tokens in a single forward pass) 1,024

n_positions Maximum sequence length (positional embeddings) 1,024

n_inner Inner dimensionality of the feed-forward layer (defaults to 4 × n_embd) null (→ 3,072)

Vocab Size Number of tokens in the vocabulary (after adding special tokens) 50,259

Activation Function Nonlinearity in the feed-forward blocks gelu_new

Layer Norm Epsilon Epsilon for layer normalization stability 1× 10–⁵
Initializer Range Std dev for weight initialization 0.02

Scale Attention Weights Whether to scale attention scores by √(d_k) TRUE

Scale Attn by Inverse
Layer Idx

Additional per-layer attention scaling FALSE

Reorder and Upcast Attn Reorder attention ops and upcast to FP32 FALSE

Torch Dtype Model weight precision float32

Use Cache Enable KV caching during generation TRUE

Transformers Version HuggingFace Transformers library version used 4.26.1

4.2. Results

We stopped fine-tuning our model after 20 epochs as we have
noticed that the test loss begins to plateau at around epoch 10,
indicating diminishing returns from further training. As seen in
the loss curves (Figure 6), the training loss continues to decrease
slightly, but the test loss shows little to no improvement after this
point. This suggests that the model is no longer learning general-
izable patterns from the data, and continued training would likely
lead to overfitting, where the model improves on the training set
at the expense of its ability to generalize the unseen data. Early
stopping at this point ensures that the model achieves optimal per-
formance without overfitting, balancing training efficiency with
model accuracy.

The fine-tuned GPT-2 model demonstrated a strong capac-
ity for generating structurally diverse SMILES representations of
molecules. During evaluation, the model achieved a uniqueness
rate of 100% (Table 4), indicating that all generated molecules
were distinct and that the model was able to explore a broad
region of chemical space. This high diversity highlights the effec-
tiveness of the Transformer architecture in capturing long-range
dependencies within SMILES sequences and avoiding repetitive
molecular patterns.

In contrast, the chemical validity of the generated molecules
reached 52.27%, revealing that while GPT-2 excels at diversity,
it struggles to consistently produce chemically valid SMILES
strings. This limitation is likely due to the strict syntactic and
semantic constraints inherent to chemical representations, which
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Figure 6. Loss over epochs for GPT-2

Table 4. Model generation metrics

Model Uniqueness Validity Novelty

GPT-2 100% 52.27% 100%
LSTM 99.88% 90.98% 100%

are more challenging for autoregressive Transformer models
to enforce without additional chemical constraints or post-
processing steps. Nevertheless, the proportion of valid molecules
remains sufficient to provide a meaningful pool of candidates for
downstream filtering and docking analyses.

Temperature scaling played an important role in balancing
diversity and coherence during generation. A temperature value
of 0.7 was selected through a grid search, as it enabled suffi-
cient exploration of novel structures while maintaining acceptable
chemical consistency. Higher temperatures led to increased
randomness and a further drop in validity, whereas lower
temperatures reduced diversity without significantly improving
correctness. Overall, these results demonstrate that GPT-2 is par-
ticularly well-suited for exploring novel regions of chemical space
although additional optimization strategies would be required to
improve chemical validity in future iterations [54].

Transformers such as GPT-2 often produce low-validity
SMILES because they learn statistical patterns rather than strict
chemical rules. SMILES requires exact syntax (e.g., ring closures,
branching, valency), and even a small error can invalidate the

molecule. While attention helps capture long-range dependencies,
it does not enforce chemical correctness [55].

Character-level tokenization is an important factor, since
generating SMILES one character at a time increases the risk
of breaking syntax (e.g., unmatched parentheses or rings). How-
ever, it is not the only issue; the main limitation is the absence of
explicit chemical constraints, meaning the model can still gener-
ate invalid molecules even with improved tokenization [1]. Future
improvements could incorporate reinforcement learning to opti-
mize the generative process using chemically informed reward
functions, enabling the model to favor valid, synthesizable, and
high-affinity molecules during generation. We trained the LSTM
model for 100 epochs (Figure 7) using the same database men-
tioned before (approximately 500,000 SMILES strings) extracted
from the ChEMBL database. The architecture featured a batch
normalization LSTM designed to maintain long-term dependen-
cies through its specialized gating mechanisms, including input,
forget, and output gates, which regulate the flow of chemical
information across the sequence. By implementing batch nor-
malization and leveraging these gating units, the model achieved
stable and efficient loss convergence, avoiding common issues like
the vanishing gradient problem [47].

In comparison to GPT-2, the LSTM-based model exhib-
ited substantially stronger performance in terms of chemical
validity while maintaining a high degree of molecular diversity.
The LSTM achieved a validity rate of 90.98%, significantly out-
performing the GPT-2 model and indicating that the majority
of generated SMILES strings corresponded to chemically valid
structures. This result reflects the suitability of LSTM architec-
tures for sequential data such as SMILES, where maintaining
local and long-range dependencies between atoms and bonds is
critical.

The uniqueness rate of the LSTM model reached 99.88%,
which is comparable to GPT-2 and demonstrates that the
improved validity did not come at the cost of excessive dupli-
cation. This balance between validity and diversity represents
a desirable trade-off in de novo drug design, where generating
chemically correct molecules is often prioritized over maximal
structural novelty.

Overall, the LSTM model proved more reliable for gener-
ating chemically valid EGFR inhibitor candidates: while GPT-2
offers advantages in diversity and chemical space exploration,
the LSTM achieved superior consistency, faster convergence, and

Figure 7. Evolution of training accuracy and loss of the LSTM model over 100 epochs
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higher validity, making it more suitable for generating drug-like
molecules in this study.

4.3. Iterative optimization across generations

To see if the iterative retraining was helping, we followed the
docking scores over nine generations (Figure 8). The average score
of the top 100 molecules kept improving, going from about −10.0
kcal/mol in the first generation to −11.45 kcal/mol by generation
9. In other words, each round was producing a stronger over-
all set of candidates. The best individual molecules improved as
well, dropping from −11.8 kcal/mol at the start to a lowest score
of −12.5 kcal/mol in generation 7. Overall, these results suggest
that the pipeline was not just finding occasional strong hits but
gradually improved the quality of the whole pool of generated
molecules.

To further examine how the quality of candidates gener-
ated changed across generations, the full distribution of docking
scores was analyzed for each iteration (Figure 9). As the gen-
erations progressed, the score distributions shifted toward more
negative values, indicating a general improvement in predicted
binding affinity rather than gains driven only by a few isolated
molecules. This trend is also reflected in the gradual decrease
of the median docking score from the early to the later gen-
erations. At the same time, a certain degree of variability was
maintained within each generation, suggesting that the iter-
ative retraining process continued to explore diverse regions
of chemical space while enriching for stronger EGFR-binding
candidates.

A Mann–Whitney U test showed the docking scores obtained
after iterative optimization were significantly lower than those of
Generation 1 (p < 0.05).

Figure 8. Progressive improvement in docking performance across nine iterative generations

Figure 9. Boxplot distribution of docking scores across nine iterative generations
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4.4. Benchmark EGFR inhibitors

Before presenting the generated molecules, we highlight cur-
rent EGFR-targeting medications. These tyrosine kinase inhibitors
block the EGFR signaling pathways that promote cancer cell
growth and survival; well-known examples with their binding
affinities and SMILES notations are listed below (Table 5).

These inhibitors are used to target EGFR mutations and
block overactive signaling pathways that lead to uncontrolled
cell proliferation. Erlotinib and Gefitinib are first-generation
inhibitors, while Afatinib and Dacomitinib represent newer
generations, designed to overcome resistance mutations like
T790M [56].

In this section, we present (Table 6) promising molecules
generated by the LSTM model, which exhibited strong binding
affinities and favorable drug-like properties. These molecules were
evaluated using multiple criteria, including binding affinities,

molecular weights, hydrogen bond donors and acceptors, logP
values, QED [51, 57, 58], and synthetic accessibility (SAS) scores.
Below are some of the top candidates identified through this
generative process.

This rigorous training approach allowed the model to effec-
tively capture the complex chemical grammar of the dataset [16].
As demonstrated in the results, the trained LSTM model achieved
a chemical validity rate of 90.98% and a uniqueness rate of
99.88%, confirming its superior reliability for generating valid
drug-like molecules for EGFR inhibition compared to the GPT-2
baseline.

To evaluate robustness against clinically relevant resistance
mechanisms, the top generated molecules were additionally
docked against the EGFR T790M mutant structure (PDB ID:
5UG9), one of the most common mechanisms of acquired
resistance to first-generation EGFR tyrosine kinase inhibitors
(Table 7).

Table 5. Binding affinity score of existing EGFR inhibitors

Drug Name
Binding Affinity

(Kcal/mol) SMILES

Erlotinib -7.5 COCCOC1=C(C=C2C(=C1)C(=NC=N2)NC3=CC=CC(=C3)C#C)OCCOC

Gefitinib -7.6 COC1=C(C=C2C(=C1)N=CN=C2NC3=CC(=C(C=C3)F)Cl)OCCCN4CCOC C4

Afatinib -8.7 CN(C)C/C=C/C(=O)NC1=C(C=C2C(=C1)C(=NC=N2)NC3=CC(=C(C=C3)F)
Cl)O[C@H]4CCOC4

Dacomitinib -8.7 COC1=C(C=C2C(=C1)N=CN=C2NC3=CC(=C(C=C3)F)Cl)NC(=O)/C=C/CN
4CCCCC4

Table 6. Binding energy and pharmacokinetic properties of generated molecules

Binding
Affinity

(kcal/mol) SMILES
Molecular
Weight

H-Bond
Donors

H-Bond
Acceptors LogP QED SAS

-9.4 Cc1nc(N)nc(Nc2ccc(C(=O)N3CCN
(C(=O)N4CCCCC4)CC3)cc2)n1

424.509 2 7 1.8695 0.7714 2.3386

-10.1 Cc1ccc(C(=O)NC(=O)c2cccc(C3
(C)NC(=O)c4ccccc43)c2)cc1

384.435 2 3 3.5721 0.678 2.7525

-9.7 Cc1ccc(-c2ccc(C(=O)N3CCN(C(=O)N4C
CC(C)CC4)CC3)cn2)cc1

406.53 0 3 3.6667 0.7647 2.169

-10.4 Cc1ccc(-c2cc(NC(=O)c3cccc(C(=O)N4
CCC(C(=O)N5CCCC5)CC4)c3)cnn2)cc1

497.60 1 5 4.1789 0.5706 2.3896

-10.1 CC(C)(C)c1cccc(-c2c[nH]c(=O)c3c2CN(C
(=O)Nc2ccccc2)CC3)c1

401.51 2 2 4.9296 0.6394 2.4470

-10.1 Cc1ccc(CN2CCN(C(=O)Nc3cccc
(C(F)(F)F)c3)CC2)nc1NC(=O)c1ccccc1

497.521 2 4 5.01 0.5196 2.3245

Table 7. Binding affinity score of generated molecules against EGFR T790M (PDB 5GU7)

Binding Affinity (Kcal/mol) SMILES

-11.04 Cc1ccc(-c2cc(NC(=O)c3cccc(C(=O)N4CCC(C(=O)N5CCCC5)CC4)c3)cnn2)cc1

-10.47 Cc1ccc(-c2ccc(C(=O)N3CCN(C(=O)N4CCC(C)CC4)CC3)cn2)cc1

-10.45 Cc1ccc(CN2CCN(C(=O)Nc3cccc(C(F)(F)F)c3)CC2)nc1NC(=O)c1ccccc1

-10.34 CC(C)(C)c1cccc(-c2c[nH]c(=O)c3c2CN(C(=O)Nc2ccccc2)CC3)c1

-9.901 Cc1ccc(C(=O)NC(=O)c2cccc(C3(C)NC(=O)c4ccccc43)c2)cc1

-8.872 Cc1nc(N)nc(Nc2ccc(C(=O)N3CCN(C(=O)N4CCCCC4)CC3)cc2)n1
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5. Conclusion

In this study, we demonstrated the potential of generative
AI in drug development by enhancing GPT-2 and LSTM mod-
els to produce novel EGFR inhibitors. The LSTM design was
better than GPT-2 in terms of validity (90.98%) and overall
performance. It made compounds with strong binding affinities
and good pharmacokinetic properties. These results show how
helpful it is to use deep generative modeling, Lipinski-based fil-
tering, and molecular docking together to find leads quickly.
Future efforts will concentrate on the integration of other dataset
types like SELFIES (Self-Referencing Embedded Strings), which
were shown to yield a better validity rate, and also refining the
model architecture; Like the emergent usage of eXtended LSTM
[59, 60], or other models that have shown great potential
recently like Hierarchical Language Models [61] or Markov-chain-
based diffusion models and reinforcement learning optimization
[62, 63], and also maybe some wet-lab validation to accelerate the
progression of AI-driven cancer therapies.
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