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ABSTRACT 

 
Automated programming using deep learning can shorten the code development process and ensure the 
software built is of high quality. In this paper, we investigate the combination of transformer models and 
reinforcement learning (RL) for the automatic generation of code. The aim is to design a model that produces 
correct, consistent, and valuable code in different programming languages. Our test utilized 5 million pieces 
of code from several open-source repositories, and models were evaluated based on whether their output was 
grammatically correct, code quality, code execution accuracy, and code production speed. Our model 
outperforms conventional LSTM-based approaches and GPT-2, achieving excellent syntactic correctness and 
execution accuracy, the highest code quality marks (8.5/10), and completing tasks in less time. The findings 
demonstrate that combining deep learning and RL enables the creation of top-quality code efficiently. By 
applying AI to software development, this work finds that both speed and reliability noticeably improve, 
which is beneficial for all parties involved and the broader industry. Despite the success of deep learning in 
natural language processing, automated code generation continues to face challenges related to execution 
correctness, code quality, and scalability across programming languages. Experimental results demonstrated 
that the proposed transformer–reinforcement learning framework achieved higher syntactic correctness, 
execution accuracy, and reduced generation time compared to existing LSTM-based and transformer-only 
models, indicating its suitability for real-world software development tasks. 
Keywords: Automated Code Generation, Deep Learning, Reinforcement Learning, Transformer Models, 

Code Quality, Software Development 
 
1. INTRODUCTION  
 
Software engineering has evolved a lot lately, 
greatly helped by recent advancements in AI, ML 
and DL. Growing software complexity means more 
is required from developers and their teams in less 
time, stronger applications and errorless coding. 
ACG has attracted attention, as it relies on machine 
learning to turn descriptions or data into computer 
code. It could lower the time it takes to develop, raise 
the standard of software and reduce errors made by 
humans. 

Generally, rule-based and template methods for 
coding show limited scalability and adaptability 
because they hardly change with each new domain. 
Since these old approaches cannot handle difficult or 
unknown software situations, their usefulness in real 
projects is quite low. Thanks to machine learning 
and deep learning, giving code writers new 
opportunities to tackle such issues [1], [2]. 
The need for automated code generation arises from 
increasing software complexity, shorter 
development cycles, and the growing demand for 
reliable and maintainable code. Existing approaches 
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struggle to generalize across domains and often fail 
to ensure logical correctness. This study addressed 
these challenges by combining transformer-based 
architectures with reinforcement learning to improve 
contextual understanding, execution reliability, and 
adherence to coding best practices. 
Neural networks such as RNNs, LSTM and the latest 
in transformer-based models, are showing 
significant progress in automating the writing of 
code. The data they are trained on comes from 
existing code which allows them to recognize syntax 
patterns and create code that follows those patterns 
in the right situations [3], [4]. OpenAI’s GPT and 
Codex are examples of transformers, and they have 
been proven to write coherent code, support your 
choices with helpful advice and deal with 
challenging coding situations [5], [6]. 
Many areas have achieved excellent results with 
transformer models but applying them to code 
generation is not straightforward. The code must be 
both grammatically proper and should make sense, 
as well as being written efficiently. Most of the large, 
diversified codes that models are built upon often 
use different styles and unusual naming conventions 
and lack or has incomplete documentation details. 
These challenges should be addressed by models that 
can consider the details of each problem, draw from 
relevant knowledge, and keep to industry best 
practices. 
This work focuses on understanding whether deep 
learning can generate computer code automatically, 
primarily using transformer models and 
reinforcement learning. This research aims to 
enhance the accuracy, readability, and flexibility of 
re-generated code while also examining how model 
complexity affects the code’s performance. It also 
examines whether reinforcement learning could play 
a role in making generated code more 
straightforward to use by constantly checking and 
improving it as it is used. 
Background 
AI and software engineering have long utilized 
automation in code generation. An early method was 
to depend on rule-based systems heavily, so experts 
had to clarify the rules for translating code. Relying 
on humans to provide regulations, these systems 
were unable to handle complex or flexible tasks. By 
utilizing genetic algorithms, some of the more 
advanced systems were able to enhance code 
generation through an evolutionary process [7], [8]. 
Using RNNs and LSTMs, a new generation of 
automated systems was made possible. Equipped 
with data from extensive code, these models 
successfully forecasted the next element in a code 
sequence and generated syntactically valid code [9]. 

These methods could not understand slowly 
changing code and could only generate new code 
using a single programming language within a single 
structure. 
Alternatively, models based on transformers, such as 
GPT models, are gaining attention since they are 
equipped to consider long-range patterns using self-
attention mechanisms. They have been proven to 
accomplish more than RNN-based approaches in 
many NLP tasks and are performing well when 
generating code [10], [11]. The introduction of 
OpenAI Codex, in particular, has demonstrated that 
transformers can produce applicable code that can 
support developers in various tasks, whether small or 
large [12], [13]. 
Although these advancements have happened, there 
are still obstacles in automated code generation. The 
three most important things are validating the 
generated code, handling unique syntactical rules in 
advanced languages, and making the model easier to 
understand. Additionally, we require more effective 
methods to manage the model's outcomes, ensuring 
the code it generates adheres to the best practices in 
software architecture. Introducing reinforcement 
learning solves some problems associated with 
model performance by encouraging models to learn 
from the validation of the generated code [14], [15]. 
 
This study hypothesized that combining 
transformer-based sequence modeling with 
reinforcement learning-based optimization would 
significantly improve syntactic correctness, 
execution accuracy, and overall code quality when 
compared with traditional LSTM-based and 
transformer-only approaches. 
 
Addressing these limitations is critical for deploying 
AI-assisted programming tools in industrial 
environments, where incorrect or inefficient code 
can lead to increased maintenance costs and system 
failures. Enhancing automated code generation 
therefore has direct implications for developer 
productivity, software reliability, and large-scale 
system development. 
 
From a theoretical perspective, automated code 
generation remains an open research problem due to 
the need to jointly model syntax, semantics, and 
execution behavior. While transformers effectively 
capture long-range dependencies, they lack 
mechanisms to evaluate runtime behavior. 
Integrating reinforcement learning enables 
feedback-driven optimization, allowing the model to 
align generated code with functional correctness and 
quality objectives. 
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The paper is organized as follows: Section 2 
reviews previous approaches to automated code 
generation, covering rule-based, machine learning, 
and deep-learning methods. Section 3 describes how 
we built the code generator using a dataset, a chosen 
model architecture, and reinforcement learning. 
Section 4 presents and describes the outcomes of the 
experiments, measuring how well the suggested 
model performs in comparison to LSTM, GPT-2, 
and OpenAI Codex in terms of correct syntax, code 
performance, running success rate, and speed. In 
Section 5, the researchers summarize the key 
conclusions, describe the model's weaknesses, and 
propose areas for further research to enhance its 
usefulness and clarity. 

2. RELATED WORK 

For several years, research on ACG has primarily 
emphasized coding by rules and templates. The 
processes early researchers used were dependent on 
people’s involvement and had limitations in areas 
where they could be used. Nevertheless, as machine 

learning and deep learning have evolved, ACG has 
dramatically improved the way it writes syntax- and 
sense-correct code. 
The approach to AI-enhanced code generation is 
outlined in various stages, as shown in Figure 1. 
Initially, code generation was performed using rule-
based methods, which are based on predefined rules. 
Following these, we mention Machine Learning 
approaches, in which the system uses data to find 
ways to improve code creation. Then, Transformer-
based Models are used, which are advanced 
structures designed to address challenging code 
generation tasks. Feedback from practice is utilized 
through Reinforcement Learning to enhance the 
model's performance in real-world situations. At this 
stage, the model is proposed to write code in the 
languages you have chosen. Once the cycle is 
complete, we reach Addressing Challenges, which 
tackles any problems in code generation so that the 
solutions can successfully manage diverse and 
complex coding tasks. 

 
 

 
Figure 1: Cycle of AI-Enhanced Code Generation 

 
2.1 Rule-based and Template-based Approaches 
Initially, code generation primarily relied on rules 
and connected templates. We created rule-based 
systems by developing predefined rules that 
connected the high-level descriptions to the required 
code. Being rigid and only able to handle a few cases 

defined in advance, most traditional systems were 
inefficient for major and flexible software projects. 
Alternatively, templates in template tools were used 
to automatically write code for specific purposes 
[16]. Although they allowed projects to be repeated 
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and organized, they could not be used well on a wide 
range of dynamic programming tasks. 
2.2 Machine Learning Approaches 
Due to machine learning, researchers have begun 
focusing on how to automatically generate code by 
utilizing data from numerous existing codebases. In 
the past, researchers used decision trees or SVMs to 
estimate small sections of code using only a rough 
description or part of an input [17]. Although they 
seemed helpful, these models lacked sufficient depth 
to handle complex coding and performed poorly in 
many situations and programming languages. 
As deep learning further developed, both RNNs and 
LSTM networks were identified as potential choices 
for ACG. One reason these architectures are popular 
is that they are helpful for tasks such as sequence 
generation and code completion. The sequential 
structure of code was captured by LSTMs, which 
were trained using a massive collection of code 
repositories to ensure that their outputs were valid 
code. Even so, these approaches ran into trouble 
handling code that depended on long-term features 
and ended up with unfinished outputs frequently 
[18]. 
2.3 Transformer-based Models 
When ACG began using transformer-based models, 
including GPT and its variants, it made significant 
progress. While LSTMs handle short-term 
dependencies, transformers utilize a self-attention 
system to process information that is far apart from 
each other more effectively. The use of transformers 
in natural language processing has made many 
modern models effective and applying them to 
coding yields good results. 
OpenAI’s GPT-3 has demonstrated its ability to 
generate high-quality code for various languages, 
having been trained on extensive datasets. There is 
extensive research available that shows how the 
software generates code for Python data processing 
and machine learning algorithms [19]. Likewise, 
GPT-3’s cousin, OpenAI Codex, excels at 
generating code and provides valuable advice and 
pre-written lines to software developers during the 
coding process [20]. 
Transformer-based models excel at generating code 
because they effectively handle context and produce 
relevant output. For example, Codex takes a broad 
account of what a task requires and transforms it into 
real code that can be integrated into any software 
project [21]. This means the model can generate 
code that relates to the context more effectively than 
before, unlike LSTMs, which have had consistency 
issues in long sequences. 
 
 

2.4 Reinforcement Learning for Code Generation 
An area where research is growing in automated 
code generation is the addition of reinforcement 
learning to enhance the performance and 
adaptability of the generated code. By using 
reinforcement learning to learn from success or 
failure, experts hope to improve the accuracy of code 
generation. By rewarding the model for writing 
valid, efficient, and consistent code, RL-based 
models enable the generated code to be more widely 
applicable in practice. 
RL applications have been trying to help with tasks 
such as repairing code and rewriting existing code. 
With RL, these models can adjust their output 
according to the feedback they receive from their 
environment, either from the environment itself or 
from the code being executed. It has also been 
demonstrated that reinforcement learning can 
enhance transformer models by enabling them to 
adapt and rectify previous mistakes [22]. Although 
RL is just starting to be used in code generation, it 
has already proven to enhance the use of AI-
generated code significantly. 
2.5 Code Generation for Specific Programming 
Languages 
It is also essential in ACG research that 
programmers can comfortably create code for any 
given programming language or industry area. Most 
current models create code that can be used in 
Python, Java, and JavaScript, for example, all 
general-purpose programming languages. 
Increasingly, people require models that can 
generate code for domain-specific languages (DSLs) 
tailored to specific uses or industries. 
This research focuses on creating models that 
generate code for data science, web development, 
and embedded systems programming. It is possible 
for models trained explicitly in data science to 
provide Python code for everyday tasks, such as 
preparing data, conducting statistical analysis, and 
creating machine learning models. Specialized 
models in web development can generate code for 
both frontend and backend web applications. 
Concentrating on specialized models makes sure the 
output code follows the best ways and requirements 
for the type of work, which boosts its overall 
usefulness and high quality [23]. 
2.6 Challenges and Limitations 
Although significant advancements have been made 
in automated code generation, several issues remain. 
A major problem is making sure the code produced 
is both correct and of high quality. Deep learning 
models, such as transformers, are very good at 
generating code that follows syntax; however, 
ensuring the code runs properly is still a challenging 
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problem. This is particularly true for complex 
applications, as their code is often interlinked in 
intricate ways. 

Understanding what a model is doing is 
another problem. Because transformer-based deep 
learning models are considered black boxes, 
developers struggle to understand how the models 
arrive at their code answers. Because people can’t 
see the inner workings, developers may be hesitant 
to rely on AI for their development work [24].  
 
Based on the literature review, the primary problem 
addressed in this study is the limited ability of 
existing automated code generation models to 
simultaneously ensure syntactic correctness, 
execution accuracy, and code quality across multiple 
programming languages. 
The study was guided by the following research 
questions: 

 (RQ1) How effectively can transformer 
models generate syntactically correct and 
executable code? 

 (RQ2) Does reinforcement learning 
improve the quality and execution accuracy 
of generated code? 

 (RQ3) How does the proposed approach 
compare with existing state-of-the-art 
models? 

 
3. METHODOLOGY 

Here, we focus on the approach used for automating 
coding using deep learning, highlighting the new 
aspects and explaining the key details. Details cover 
the training data, the design of the neural network, 
various math models, and the algorithm 
implemented by the network. Everything in this 
methodology is clear and defined, allowing others to 
repeat it. The study followed an experimental 
research design in which a transformer-based code 
generation model enhanced with reinforcement 
learning was developed and evaluated. Performance 
was quantitatively compared with established 
baseline models, including LSTM, GPT-2, and 
OpenAI Codex, using standardized evaluation 
metrics reported in prior automated code generation 
studies. 

3.1 Dataset 
To train the deep learning model, we relied on a 
curated dataset built from publicly available code 
repositories that included different application 
domains and programming languages. In creating 
the dataset, we aim to present everyday 
programming tasks, which consist of code snippets, 
finished examples, and various forms of 
documentation (e.g., code comments and 
docstrings). Splitting the data into three parts ensures 
that its performance on new data can be adequately 
assessed. 
Parameters of the Dataset: 
The dataset includes code examples written in 
Python, JavaScript, Java, and C++. The code has 
been preprocessed to ensure its properly written, and 
no extraneous files (such as binaries or other types) 
are included. Additionally, retaining code comments 
and documentation helps with understanding the 
code during generation. 
 
Dataset Specifications: 

 Languages Covered: Python, JavaScript, 
Java, C++ 

 Size: 5 million code snippets 
(approximately 500 MB of raw code) 

 Source Repositories: GitHub, Stack 
Overflow, and open-source projects 

 Preprocessing: 

o Tokenization of code into 
semantic units (e.g., variables, 
functions, control structures) 

o Removal of non-relevant files and 
data 

o Retention of code comments and 
docstrings for contextual 
understanding 

 Metadata: Function names, variables, and 
types extracted, with contextual comments 
kept intact 

Table 1: Code Snippet Example 
Snippet ID Code Language Length (Lines) Functionality 

1 def add(a, b): return a + b Python 2 Simple addition function 

2 public int multiply(int a, int b) { return a * b; } Java 4 Multiplication function 

3 function multiply(a, b) { return a * b; } JavaScript 4 Multiplication function 

4 int subtract(int a, int b) { return a - b; } C++ 4 Subtraction function 
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Dataset Split: 
 Training Set: 70% of total dataset (3.5 

million code snippets) 

 Validation Set: 15% of total dataset 
(750,000 code snippets) 

 Test Set: 15% of total dataset (750,000 
code snippets) 

3.2 Model Architecture 
The automated code generation architecture is based 
on transformers, where GPT-3 has been specifically 
adapted to produce code. Since this model performs 
well in natural language, can handle long structures, 
and is needed for code generation, it has been picked 
for this purpose. The framework includes an 
encoder-decoder structure and uses self-attention to 
pay attention to each part of the data during code 
generation. 
Proposed Model (Transformer Architecture): 

 Input Layer: A tokenized representation 
of code, where each token corresponds to a 
syntactic element (variable, function, 
operator, etc.) 

 Embedding Layer: Converts tokens into 
dense vectors to represent each token’s 
semantic meaning. 

 Transformer Encoder-Decoder Blocks: 

o Encoder: Consists of multiple 
layers of self-attention 
mechanisms that capture the 
relationships between different 
parts of the code. This block is 
responsible for understanding the 
context and structure of the given 
input. 

o Decoder: Generates the next 
token in the sequence based on the 
encoded representation. The 
decoder uses attention to focus on 
relevant parts of the input code 
while generating output tokens. 

 Output Layer: Produces the next token in 
the sequence, which is passed through a 
softmax function to predict the most likely 
token. 

 

 
Figure 2: Automated Code Generation Process 

 
Figure 2 illustrates the automated deep learning code 
generation process, where every aspect of the model 
contributes to building the code. The Input Layer 
changes group coding to create individual elements. 
Then, these tokens become part of the Embedding 
Layer and are converted into vectors that catch what 
they stand for. The code’s different sections are 
better understood, and the relationships between 
them are identified using Transformer Encoders. The 
Transformer Decoder reads the encoding and uses it 

to make the next meaningful token. The last step is 
for the Output Layer to use softmax, which picks the 
most likely token for what comes next. This process 
is repeated until you create a fully formed snippet 
code. 
The self-attention part of the Transformer model 
enables the network to determine how each token 
interacts with the others. This advantage is crucial 
when developing code, as both the order and 
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structure of tokens are significant. The degree of 
attention between tokens is given by: 

𝛼௜௝ =
ୣ୶୮ቀscore൫ொ೔,௄ೕ൯ቁ

∑ ⬚ೖ ୣ୶୮൫score(ொ೔,௄ೖ)൯
                                                                   

(1) 
Where 𝑄௜  is the query vector, 𝐾௝ is the key vector, 

and score൫𝑄௜ , 𝐾௝൯ represents the similarity score 
between the query and key vectors. This allows the 
model to determine which tokens should receive 
more attention based on their relevance to the current 
code being generated. 
The mathematical model underlying the 
transformer-based architecture is a deep neural 
network that minimizes the cross-entropy loss 
function during training. The objective function used 
is: 

ℒ = − ∑ ⬚்
௧ୀଵ log 𝑃 (𝑦௧|𝑥௧ିଵ, 𝑥௧ିଶ, … , 𝑥ଵ)                                       

(2) 
Where: 

 ℒ is the loss function 

 P(𝑦௧|𝑥௧ିଵ, 𝑥௧ିଶ, … , 𝑥ଵ)is the probability of 
predicting the correct token 𝑦௧ given the 
previous tokens 𝑥ଵ, 𝑥ଶ, … , 𝑥௧ିଵ 

 𝑇 is the length of the code sequence. 

This problem is mitigated by learning from the data 
and utilizing gradient decent to achieve optimal 
results. As the model is trained, it learns to predict 
the next element in the code, trying to use the correct 
parameters to lower the gap between what it expects 
and what appears in the code. 
Reinforcement Learning Optimization 
In addition to standard supervised learning, we also 
incorporate reinforcement learning (RL) to further 
enhance the quality of the generated code. The RL 
agent is tasked with maximizing a reward function 
that evaluates the correctness, efficiency, and 
readability of the generated code. The reward 
function 𝑅 is given by: 

𝑅 =  𝛼 ⋅ 𝐶 +  𝛽 ⋅ 𝐸 +  𝛾 ⋅ 𝑄                                                            
(3) 

Where: 
 𝐶 is the syntactic correctness of the code 

(measured using a code compiler), 

 𝐸 is the execution efficiency (measured by 
code execution time or computational 
resources), 

 𝑄 is the code quality (measured by adhering 
to best practices like naming conventions 
and code comments), 

 𝛼, 𝛽, 𝛾  are weighting coefficients. 

By applying RL, the model is trained to adjust its 
code generation process to maximize the overall 
reward, improving the code over time. 

Algorithm: Training and Generation Process 

1. Preprocessing: 
o Tokenize the dataset into code 

units (tokens such as keywords, 
variables, operators, and 
punctuation). 

o Prepare a training set from the 
processed dataset. 

2. Model Initialization: 
o Initialize the transformer model 

with random weights. 
o Pre-train the model using the 

dataset with supervised 
learning to predict the next 
token in a code sequence. 

3. Reinforcement Learning Fine-
Tuning: 

o Fine-tune the model using 
reinforcement learning, where 
the generated code is evaluated 
based on the reward function. 

o Adjust model parameters using 
the feedback from the reward 
score. 

4. Code Generation: 
o After training, the model 

generates code by predicting 
the next token in a sequence 
based on an initial prompt (e.g., 
a function signature or 
description). 

o Each generated token is passed 
back into the model to predict 
the next token until the full 
code is generated. 

5. Evaluation: 
o Evaluate the generated code 

using metrics such as syntactic 
correctness, logical 
consistency, execution 
correctness, and adherence to 
best practices. 

 
4. RESULTS 

Following, we detail the results and test the 
efficiency of the proposed model designed for 
automated code generation. Our evaluation involves 
checking the model for correct syntax, high-quality 
code, and whether it carries out the given 
instructions. Additionally, we evaluate our model's 
performance against LSTM systems, including those 
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utilizing Bidirectional LSTM, as well as major 
transformer models such as GPT-2 and Codex. 
Studies are examined closely using information 
displayed in tables and charts, as well as statistical 
data, to provide both positive and negatives about the 
model. The experimental evaluation was designed to 
directly address the research objectives by 
measuring syntactic correctness, execution 
accuracy, code quality, and generation speed. Each 
metric corresponds to a specific objective related to 
improving reliability, efficiency, and practical 
usability of automated code generation systems. 
4.1 Assessment Criteria 
We evaluate the performance of our model based on 
the following key criteria: 

1. Syntactic Correctness: This benchmark 
measures the number of times the code is 
created according to the language’s syntax. 
The amount of generated code snippets that 
compile correctly using a genuine compiler 
in the language determines our assessment 
of syntactic correctness. 

2. Code Quality: Code quality refers to the 
extent to which a program is well-
organized, clear, and adheres strictly to 
coding rules. We examine this metric by 
aggregating standard coding guidelines. 

3. Execution Accuracy: The accuracy of the 
generated code in executing as expected 
and producing the expected outcome, given 
the provided data, is its execution accuracy. 

We perform tests as part of our quality 
check to ensure the code passes all of them. 

4. Generation Speed: People consider the 
model’s speed when evaluating it for real-
world use. Achievement is measured by 
determining how fast a student can write a 
complete code snippet for a particular task. 

 
 
4.2 Experimental Setup 
Various experiments utilize a database with code 
written in Python, Java, JavaScript, and C++. For 
evaluation, a subset of the unseen test data is used. 
Comparisons are made between the following 
models: 

1. Proposed Model (Transformer + 
Reinforcement Learning) 

2. LSTM-based Model – A traditional deep 
learning model for sequence generation. 

3. GPT-2 – A well-known transformer-based 
model for natural language processing 
tasks. 

4. OpenAI Codex – A state-of-the-art code 
generation model specialized in generating 
code. 

4.3 Results Comparison 
 

Table 2: Performance Comparison 

Model 
Syntactic 

Correctness (%) 
Code Quality 
(Scale 1-10) 

Execution 
Accuracy (%) 

Generation 
Speed (seconds) 

Proposed Model 
(Transformer + RL) 

93 8.5 90 2.4 

LSTM-based Model 82 7.2 78 1.8 
GPT-2 89 8.0 85 3.1 

OpenAI Codex 95 9.0 92 4.2 
 
Table 2 demonstrates that the proposed model 
outperforms both LSTM and GPT-2 in terms of code 
correctness, execution accuracy, and code quality. 
While Codex checks out as syntactically correct and 
can be run successfully most of the time, our 
approach works almost as well and does so more 
efficiently. 
Detailed Analysis 

 Syntactic Correctness: 
The proposed model achieves a correctness 
score of 93%, which is lower than OpenAI 
Codex (95%) but significantly higher than 
both the LSTM-based model (82%) and 
GPT-2 (89%). The enhanced performance 

of our model comes from the transformer 
architectures’ greater ability to account for 
long-range context and dependencies. By 
including reinforcement learning fine-
tuning, the consistency of the code is 
improved overall. 

 Code Quality: 
The results show that the code produced by 
the proposed model is of higher quality 
(8.5/10) than the code generated by LSTM 
(7.2/10) and GPT-2 (8.0/10). In 
professional software development, it 
matters even more because readability and 
applying best coding practices are crucial. 
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The reinforcement learning part helps 
improve the code by judging the generated 
code by a set of requirements for good 
coding practices. 

 Execution Accuracy: 
According to the proposed model, accuracy 
in execution is 90%, which is only slightly 
lower than OpenAI Codex’s score of 92%. 
As a result, the model produces code 
following grammar rules, although there is 
still potential to improve its logical 
coherence and solution to challenging 
tasks. By using RL, the metric is positively 
impacted because the model’s way of 
generating code is updated after every 
interaction with actual data. 

 Generation Speed: 
Using our model, code is automatically 
generated every 2.4 seconds, slightly 
quicker than GPT-2 and OpenAI Codex. 
Because of this, the model works well for 
developing code instantly in interactive 
tools such as IDEs or programming aids. 

 
4.4 Graphical Representation of Results 

 
Figure 3: Syntactic Correctness Comparison 

Figure 3 illustrates the syntactic correctness of the 
different models. The proposed model achieves a 
high level of syntactic correctness, coming close to 
OpenAI Codex but outperforming both LSTM-based 
models and GPT-2. 
 

 
Figure 4: Code Quality Comparison 

Figure 4 compares the code quality scores of the 
various models. The proposed model ranks second 
in terms of code quality, just behind OpenAI Codex, 
showcasing its ability to generate clean and readable 
code. 

 
Figure 5: Execution Accuracy Comparison 

Figure 5 shows the execution accuracy across all 
models. While the proposed model achieves a high 
execution accuracy, it is just behind OpenAI Codex, 
which demonstrates a marginally better performance 
in terms of correctness. 

 
Figure 6: Generation Speed Comparison 

Figure 6 compares the generation speed of the 
models. The proposed model is faster than both 
GPT-2 and OpenAI Codex, making it an efficient 
choice for applications where real-time code 
generation is required. 
4.5 Statistical Significance 
We applied for statistical tests (for example, 
ANOVA) to determine if the results from our 
proposed method were truly more effective than 
those from the others. It was found that the proposed 
model is statistically superior to the baseline models 
(LSTM and GPT-2) in terms of syntactic 
correctness, code quality, and execution accuracy, 
with 95% confidence (p < 0.05). Therefore, the 
better results in these metrics are not a coincidence 
but rather a consequence of the architectural changes 
suggested in the model. 
4.6 Discussion 
The study demonstrates that a transformer-based 
model, enhanced with reinforcement learning, 
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outperforms existing models and yields more 
accurate and comprehensive code. Through 
reinforcement learning, the model can adjust its 
behavior based on real input, ensuring that the 
generated code is both accurate and of high quality. 

While OpenAI Codex stands out due to its 
correctness and accuracy of results, our model is 
almost as correct and is faster to use. A quick and 
precise method for making code that fits the context 
is necessary for useful apps like IDEs and AI 
programming assistants. 
 
Unlike prior studies that relied solely on supervised 
learning, this work integrated reinforcement learning 
to incorporate execution-level feedback into the 
generation process. This distinction enabled 
improved alignment between syntactic correctness 
and runtime behavior, which has been insufficiently 
addressed in earlier automated code generation 
research. 
 
Although the proposed framework achieved 
competitive performance relative to state-of-the-art 
models, minor gaps remained in handling complex 
logical dependencies when compared to OpenAI 
Codex. Nevertheless, the balance between accuracy 
and generation speed demonstrated that the proposed 
approach effectively met the initial research 
objectives while offering practical advantages for 
real-time development environments. 
 
5. CONCLUSION 

This study investigated the use of transformer-based 
architectures with reinforcement learning (RL) to 
automate code generation, enabling the model to 
produce correct, coherent, and high-quality code in 
several programming languages. Through 
experiments, it was found that the model suggested 
in this work had 93% accuracy in grammar, 90% 
success in implementation, and a high score of 
8.5/10 for code quality. Furthermore, the model 
generated code faster, averaging 2.4 seconds per 
code snippet, and demonstrated greater effectiveness 
in reducing the time required for code generation. 
The primary scientific contribution of this work lies 
in demonstrating that reinforcement learning can be 
effectively combined with transformer architectures 
to enhance automated code generation. The 
proposed framework achieved a favorable trade-off 
between accuracy and efficiency, advancing beyond 
existing state-of-the-art approaches that focus 
predominantly on syntax or scale alone. 
 

Despite the promising results, certain limitations 
remained. The model exhibited reduced 
performance for highly specialized programming 
tasks requiring domain-specific knowledge. 
Additionally, the interpretability of transformer-
based models remained limited, posing challenges 
for debugging and trust in safety-critical 
applications. 
Not every limitation was addressed successfully 
during the trial. There were difficulties in extending 
the model to all types of programming work, either 
because the task required specialized knowledge or 
was challenging to solve. Although the accuracy was 
90%, we found that some improvements are still 
needed for complicated logical ties and unusual 
situations. Additionally, since the model’s workings 
are difficult to interpret, it was challenging for those 
using it to handle the generated code, a significant 
factor in the effective use of software development. 

In the future, we plan to enhance the model’s 
adaptability by utilizing specialized training sets and 
enabling it to handle a broader range of 
programming problems. A further challenge is to 
develop models that offer a clearer view of how 
decisions are made. Additionally, learning options 
and feedback loops will be tested to help the model 
continue to improve and align with the expectations 
of developers and software systems moving forward. 
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