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Abstract: The increasing complexity of modern software systems demands more intelligent and reliable compiler designs
capable of detecting code anomalies efficiently. Traditional compilers, while effective in syntax and semantic analysis, lack
adaptive capabilities for identifying non-trivial errors. This paper presents a performance-aware hybrid compiler that
integrates the Communicating Stream X-Machine (CSXM) formal framework with Machine Learning (ML) techniques for
intelligent code analysis. The approach combines formal verification with predictive models, including Random Forest,
Convolutional Neural Networks (CNN), and CNN-LSTM architectures. Experimental evaluation was conducted using both
real-world (DeepFix) and synthetically generated datasets, with over 150 training and testing iterations. Performance was
assessed using accuracy, precision, recall, and F1-score. In addition, this study provides a detailed analysis of compilation
latency and ML inference overhead, highlighting the trade-off between detection accuracy and execution efficiency. Results
show that ML integration significantly improves anomaly detection but introduces measurable latency. The paper also
discusses practical challenges, including dataset labelling effort and model generalisability. These findings demonstrate that
a performance-aware hybrid CSXM-ML compiler offers a promising approach for developing intelligent, adaptive
compilation systems that balance correctness, efficiency, and scalability.
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I INTRODUCTION Formal methods have long been used to improve
software reliability by providing mathematically grounded

The rapid growth in software complexity has increased
the demand for compilers that not only translate code but also
assist in identifying and correcting errors intelligently
[30][27]. Traditional compilers are primarily designed to
perform lexical, syntactic, and semantic analysis, ensuring
that programs conform to predefined language rules. While
effective for structured error detection, these compilers lack
the capability to identify subtle, non-trivial anomalies or learn
from past code patterns [37][10]. As aresult, developers often
rely on external tools and manual debugging processes, which
can be time-consuming and error-prone [31][15].
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models for system specification and verification [1]. The
Communicating Stream X-Machine (CSXM) framework is
one such formal approach that extends finite state machines
with memory and communication capabilities, making it
suitable for modelling complex and distributed systems
[31][4]. Prior research has demonstrated the effectiveness of
CSXM in system modelling, verification, and automated test
case generation [32][46][5]. However, its application in
compiler design remains largely limited to structural
correctness and lacks adaptive intelligence.

In parallel, Machine Learning (ML) techniques have
shown significant promise in software engineering tasks such
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as bug detection, code completion, and anomaly
classification. Models such as Random Forests and deep
learning architectures, including Convolutional Neural
Networks (CNN) and hybrid CNN-LSTM networks, have
been successfully applied to learn patterns from large
codebases [3][49]. Despite these advancements, ML-based
approaches often operate independently of formal
verification frameworks, leading to concerns around
reliability, explainability, and integration within compiler
pipelines [35][38].

This paper addresses these limitations by proposing a
hybrid compiler that integrates CSXM formalism with ML-
based anomaly detection. Unlike prior work that focuses
either on formal modelling or conceptual integration, this
study presents a fully implemented system with
comprehensive experimental validation [23][31]. The
proposed approach leverages CSXM to ensure structural
correctness while employing ML models to enhance anomaly
detection capabilities within the compilation process.

A key contribution of this work is its focus on
performance-aware analysis. While integrating ML into
compiler pipelines improves detection accuracy, it introduces
additional computational overhead that can impact
compilation time. This paper therefore provides a detailed
evaluation of compilation latency, ML inference cost, and the
trade-off between accuracy and efficiency. Furthermore, the
study examines practical challenges such as dataset labelling
effort and model generalisability, which are critical for real-
world deployment.
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» The Main Contributions of this Paper are as Follows:

A novel hybrid CSXM-ML compiler architecture for

intelligent code analysis.

¢ Integration and evaluation of multiple ML models for
anomaly detection.

e Comprehensive experimental validation using real-world
and synthetic datasets.

e Performance analysis focusing on latency, inference
overhead, and trade-offs.

o Discussion of scalability challenges, including labelling

effort and generalisation.

The remainder of this paper is structured as follows.
Section 2 reviews related work in formal methods, compiler
design, and ML-based code analysis. Section 3 presents the
proposed CSXM-based compiler architecture. Section 4
describes the ML integration approach. Section 5 outlines the
dataset and experimental setup. Section 6 presents the results
and evaluation. Section 7 discusses performance and practical
considerations. Finally, Section 8 concludes the paper and
highlights directions for future research.

1. RELATED WORK

The development of reliable and intelligent compilers
has drawn significant attention across three key areas: formal
methods for system verification, traditional compiler design
techniques, and the application of Machine Learning (ML) in
code analysis. This section reviews existing work in these
domains and highlights the research gaps addressed in this
study. Table 1 presents some of the aspects where machine
learning has been or can be applied in compiler.

Table 1 Machine Learning Applications in Compiler.

Application Areas

Methodology

Machine learning Algorithm

Compilation Error
[20]

This research presents a technique that automatically learns patterns
using a deep neural network to recommend program repairs for the
most expensive categories of build-time compilation failures.

Deep Neural Network

Code Optimization
(Super
Optimization) [2]

Machine learning (ML) model was trained to generate optimized
code sequences which are not only locally optimal compared to the
traditional peephole optimizers but globally optimal which exceed

the capabilities of standard compiler optimizations.

The Convolutional Neural
Network (CNN) and Recurrent
Neural Network (RNN).

Resource Allocation
[19]

Machine learning model was trained to improve register allocation
by reducing the number of instructions needed for register spills and
resulting in more efficient code.

Recurrent Neural Network
(RNN) and Long Short-Term
Memory Network (LSTM).

Memory Utilization
and Compiler
Optimization [34]

This research presents techniques of compiler optimization and
discusses significant advances in compiler optimization methods.
Also, explore the in-depth knowledge of machine learning in
compiler optimization.

Support Vector Machine,
Decision Trees, and K means
Clustering Model.

Compilation Time
Prediction [14]

Machine learning was used to predict how long it takes to compile a

given program source code by helping in scheduling a better build

job in large-scale software projects i.e. estimating compilation time
based on code complexity metrics and historical data.

Artificial Neural Network
(ANN) and K-means Cluster.

Code Generation [8]

Machine learning models was used to generate code from higher
level specifications by automating parts of the compilation process.

Convolutional Neural Network
(CNN), Recurrent Neural
Network (RNN), Random
Forest (RF), Multi-Layer

Perceptron (MLP), K Nearest

Neighbors (KNN).
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Compiler Heuristics
[29]

A machine learning-based approach for self-optimizing compiler
heuristics was introduced to tailor optimization decisions in a
dynamic compiler for specific environments.

Neural Networks.

Compilation Error
Categorization [12]

This study presents a novel compilation error categorization method
based on the program's smallest unit of the program referred to as
tokens.

Neural Network.

Code Optimization
(Predictive
Optimization) [47]

ML model was used to predict the most effective optimizations for a

given piece of code based on its characteristics such that rather than

applying a fixed sequence of optimization passes, an ML model was

used to predict the best passes on the code’s features which lead to
better performance and smaller binaries.

Convolutional Neural Network
(CNN) and Recurrent Neural
Network (RNN).

Code Optimization
[48]

The study outlines an approach to code optimization that combines
classical machine learning and deep learning methods, leveraging
their strengths while minimizing their limitations.

XG boost, Random Forest, Ada
Boost, Support Vector Machine,
Gaussian Naive Bayes, Logistic
Regression, Ensemble
Learning.

Compilation Errors
[33]

This research introduces a method for extracting practical program
repair examples from student program execution logs.

Deep Learning.

Compiler
Autotuning [13]

This study demonstrates how machine learning enhances compiler
autotuning. It describes a detailed overview of traditional compiler
optimization methods and their limitations by presenting the need for
more data-driven and adaptive techniques.

Supervised Learning.

Compiler
Optimizations [40]

This study introduces the Machine Learning Compiler-Bridge, which
facilitates Machine Learning model development within a traditional
Python framework while enabling seamless and efficient integration

Machine Learning.

with an optimizing compiler.

» Formal Methods in Software Verification

Formal methods provide mathematically rigorous
techniques for specifying and verifying software systems.
Among these, Stream X-Machines (SXMs) and their
extension, Communicating Stream X-Machines (CSXM),
have been widely used for modelling complex and distributed
systems [32]. CSXM enhances finite state machines by
incorporating memory and communication capabilities,
enabling the modelling of systems with interacting
components.

Previous studies have demonstrated the effectiveness of
CSXM in system validation, conformance testing, and
automated test case generation [32]. In particular, CSXM-
based approaches have been successfully applied to
distributed applications such as banking and ATM systems,
where correctness and reliability are critical. These
approaches enable early defect detection and systematic test
generation based on formal specifications. However, existing
work primarily focuses on system modelling and verification,
with limited exploration of CSXM in compiler design or
integration with intelligent anomaly detection mechanisms.

» Traditional Compiler Design

Conventional compilers are structured into multiple
phases, including lexical analysis, syntax analysis, semantic
analysis, optimisation, and code generation [31]. These
phases are designed to ensure that source code adheres to the
rules of a programming language and is translated into
executable form efficiently [31]. While modern compilers are
highly optimised and effective at detecting syntax and type-
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related errors, they are limited in their ability to identify
logical or context-specific anomalies.

Research in compiler design has introduced various
optimisation techniques and static analysis tools to improve
code quality. However, these approaches are largely rule-
based and lack adaptability. They do not learn from historical
data or improve their performance over time. As software
systems grow in complexity, there is an increasing need for
compilers that can go beyond static checks and provide
intelligent insights into code behaviour.

» Machine Learning for Code Analysis

Recent advancements in ML have led to its application
in software engineering tasks, including bug detection, code
completion, program repair, and anomaly detection [28].
Supervised learning models such as Random Forests have
been used for classification tasks, while deep learning
approaches, including Convolutional Neural Networks
(CNN) and Recurrent Neural Networks (RNN), have shown
strong performance in learning structural and sequential
patterns in source code [30].

Datasets such as DeepFix have enabled the training and
evaluation of ML models on real-world programming errors
and corrections [21][42]. These approaches have
demonstrated high accuracy in detecting and fixing code
anomalies. However, ML-based solutions often operate as
standalone tools and are not tightly integrated into compiler
pipelines [50]. Additionally, they rely heavily on labelled
datasets, which can be costly and time-consuming to produce,
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and may struggle to generalise across different programming
languages or domains.

» Hybrid Approaches and Research Gap

There is a growing interest in combining formal
methods with ML to leverage the strengths of both
approaches. Formal methods provide correctness guarantees
and structured modelling, while ML introduces adaptability
and data-driven intelligence. However, existing hybrid
approaches are largely conceptual and lack comprehensive
implementation and evaluation.

In particular, there is limited research on integrating
CSXM-based formal models with ML techniques within a
compiler  framework.  Furthermore, key practical
considerations such as compilation latency, ML inference
overhead, and the trade-off between accuracy and
performance remain underexplored.

» Summary of Research Gap
From the reviewed literature, the following gaps are
identified:

o Limited application of CSXM in compiler design.

o Lack of fully implemented hybrid CSXM-ML systems.

o Insufficient experimental evaluation using real-world
datasets.

e Absence of performance-focused analysis, particularly
compilation latency.

e Challenges related to dataset labelling and model
generalisability.

This paper addresses these gaps by proposing and
evaluating a performance-aware hybrid CSXM-ML compiler
that integrates formal verification with intelligent anomaly
detection, supported by comprehensive experimental and
performance analysis.
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1. CSXM-BASED COMPILER
ARCHITECTURE

This section presents the architecture of the proposed
hybrid compiler, which integrates the Communicating
Stream X-Machine (CSXM) formal framework with Machine
Learning (ML) components to enable intelligent code
analysis. The design aims to combine the correctness
guarantees of formal methods with the adaptability of data-
driven models, forming a structured and extensible
compilation pipeline.

» Overview of the Architecture

The proposed compiler follows a modular architecture
consisting of two tightly coupled layers: the CSXM-based
formal processing layer and the ML-based anomaly detection
layer as displayed in figure 1. The CSXM layer governs the
overall control flow of the compiler, modelling each
compilation phase as a set of states and transitions with
associated memory structures. The ML layer operates
alongside this process, analysing intermediate representations
of code to detect anomalies and provide predictive insights.

e At a High Level, the Compiler Pipeline Includes the
Following Stages:

Lexical Analysis

Syntax Analysis

Semantic Analysis

Intermediate Representation Generation
Anomaly Detection (ML Layer)

Code Optimisation and Generation

ASANENENENEN

Each stage is formally represented within the CSXM
model, ensuring that all transitions are well-defined and
verifiable.

CSXM-Based Conpiler ML Intervention
Processing
Lexical Analysis —
Anomaly
Classification
Input Lgd;(Sourcc CSXM Compilation N Ar;;ln:‘ﬂly(lé)gc;(t‘;;mn Validation (CSXM)
ode) > Pipeline Py ARTYSIS hase (CSXM) and Feedback [~
(Rule Violation triggers)
Suggest Corrections
Semantic Analysis
Iterative Refinement
(User applies corrections
and process repeat until 4
compilation suceeeds)
Fig 1 The Architecture of ML Integration in CSXM-Based Compiler.
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» CSXM Formal Modelling of the Compiler

The CSXM framework extends traditional finite state
machines by incorporating memory and communication
between components. In the proposed architecture, each
compiler phase is modelled as a distinct X-Machine with its
own:

Set of states

Input and output alphabets
Memory structure
Transition functions

Communication between phases is achieved through
well-defined input/output streams, allowing the output of one
phase to serve as the input to the next. This modular design
supports both sequential and distributed execution. The
memory component of the CSXM model is used to store
intermediate data such as tokens, abstract syntax trees
(ASTs), symbol tables, and semantic rules. Transition
functions define how inputs are processed and how memory
is updated at each stage. This ensures that the compiler’s
behaviour is formally specified and can be systematically
tested and verified.

» Integration of Machine Learning Components

The ML layer is integrated into the compiler pipeline
primarily at the intermediate representation stage, where
sufficient structural and contextual information about the
code is available. Pre-processed code features, including
token sequences and syntactic structures, are extracted and
passed to trained ML models. The models used in this study
include:

e Random Forest (RF) for baseline classification [30].

e Convolutional Neural Networks (CNN) for structural
pattern recognition [45].

e CNN-LSTM for capturing both spatial and sequential
dependencies.

These models analyse the input to identify anomalies
such as syntax misuse, logical inconsistencies, and
uncommon coding patterns. The output of the ML layer
includes anomaly classifications and suggested corrections,
which are fed back into the CSXM-controlled pipeline for
further processing.

» Interaction between CSXM and ML Layers

The interaction between the CSXM and ML
components is designed to be non-intrusive yet effective. The
CSXM layer maintains control over the compilation process,
ensuring that all operations adhere to formal specifications.
The ML layer acts as an auxiliary decision-support system,
enhancing the compiler’s ability to detect issues beyond rule-
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based checks. When an anomaly is detected, the ML output
is incorporated into the CSXM memory and may trigger
specific transitions, such as error handling routines or
corrective suggestions. This interaction enables the compiler
to maintain correctness while benefiting from adaptive
intelligence.

» Implementation Details

The prototype of the hybrid compiler was implemented
using Python for the ML components and core integration
logic, while leveraging standard libraries for data
preprocessing and model training. TensorFlow was used for
deep learning model development, and experiments were
conducted in both local environments and cloud-based
platforms such as Google Colab. The CSXM model was
implemented as a modular framework, where each compiler
phase is represented as a callable component with defined
inputs, outputs, and memory states. This design supports
extensibility, allowing additional models or compiler phases
to be integrated with minimal changes to the overall
architecture.

> Design Considerations
Several design considerations guided the development
of the proposed architecture:

e Modularity: Ensures that individual components can be
independently developed and tested.

e Scalability: Supports extension to larger datasets and
more complex programming languages.

o Interoperability: Allows seamless integration between
formal models and ML components.

e Performance Awareness: Minimises the impact of ML
inference on compilation time.

This architecture establishes the foundation for
integrating formal verification with intelligent anomaly
detection in a unified compiler framework. The next section
describes the ML integration process in detail, including
feature extraction, model training, and deployment within the
compiler pipeline.

(AVA MACHINE LEARNING INTEGRATION
APPROACH

This section details the integration of Machine Learning
(ML) within the proposed CSXM-based compiler, focusing
on feature extraction, dataset preparation, model training, and
deployment within the compilation pipeline as displayed in
figure 2. The objective is to enable intelligent anomaly
detection while maintaining compatibility with the formal
CSXM framework.
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Fig 2 Conceptual Flow Diagram that Represents the Training and Testing of the Machine Learning Models Integrated into the
CSXM-Based Compiler

» Feature Extraction and Representation

Effective ML-based code analysis depends on
transforming source code into meaningful representations. In
this study, source code is pre-processed and converted into
structured inputs suitable for model training. The feature
extraction process involves:

Tokenisation: Breaking source code into lexical tokens
such as keywords, identifiers, operators, and literals.
Syntactic Structuring: Capturing structural relationships
using parse trees or simplified abstract syntax
representations.

Sequence Encoding: Representing token sequences
numerically using indexing and padding to ensure
uniform input size.

These features provide both syntactic and contextual
information, enabling the models to learn patterns associated
with correct and anomalous code.

» Dataset Preparation
Two types of datasets were used to train and evaluate
the ML models:

Real-World Dataset: The DeepFix dataset, which contains
erroneous code samples and their corrected versions,
providing realistic examples of programming mistakes
[11].

Synthetic Dataset: Custom-generated code samples
created by injecting controlled anomalies into hybrid C#—
Python programs. Each sample includes metadata such as
anomaly type, expected output, and code snippet.

The combined dataset improves model robustness by
covering both real-world and controlled error scenarios. Data
preprocessing includes cleaning, normalisation, and labelling
to ensure consistency across samples.

» Model Selection and Training

Three supervised ML models were selected to evaluate
different learning capabilities:

NISRT26SEP417
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Random Forest (RF): Used as a baseline model for
classification due to its robustness and interpretability.
Convolutional Neural Network (CNN): Applied to
capture local structural patterns in code.

CNN-LSTM: Combines convolutional layers with Long
Short-Term Memory networks to model both spatial and
sequential dependencies.

The dataset was split into training and testing subsets,
and models were trained using standard optimisation
techniques. Hyperparameter tuning was performed using grid
search to optimise model performance. Training was
conducted using Python 3.10 and TensorFlow, with execution
on both local systems and cloud platforms.

» Model Evaluation Metrics
Model performance was evaluated using widely
accepted classification metrics:

Accuracy: Measures overall correctness of predictions.
Precision: Evaluates the proportion of correctly identified
anomalies.

Recall: Assesses the model’s ability to detect all relevant
anomalies.

F1-Score: Provides a balance between precision and
recall.

These metrics provide a comprehensive assessment of
the models’ anomaly detection capabilities.

> Integration into the Compiler Pipeline

The trained ML models are integrated into the compiler
at the intermediate representation stage. At this point, the
code has been sufficiently processed to expose structural and
semantic features while remaining flexible for analysis.

e The Integration Process Involves:

v/ Extracting  features  from  intermediate  code
representations.

v' Feeding these features into the trained ML models.

v' Receiving anomaly predictions and confidence scores.

v' Passing results to the CSXM layer for further action.
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¢ Depending on the Output, the Compiler May:

v" Flag errors or warnings
v" Suggest possible corrections
v" Trigger specific transitions within the CSXM model

This integration ensures that ML enhances, rather than
disrupts, the formal compilation process.

» Deployment and Runtime Considerations

To support real-time compilation, the ML inference
process is optimised to minimise latency. Techniques such as
model caching and efficient data preprocessing are used to
reduce overhead. However, the inclusion of ML introduces
additional computational cost, which is analysed in later
sections. The system is designed to allow flexible
deployment, enabling models to be updated or replaced
without altering the core CSXM architecture. This supports
continuous improvement and adaptability to new
programming patterns.

This section establishes how ML is effectively
embedded within the compiler to provide intelligent anomaly
detection. The next section presents the dataset configuration
and experimental setup used to evaluate the proposed system.

V. DATASET AND EXPERIMENTAL SETUP

This section describes the datasets, experimental
configuration, and procedures used to evaluate the proposed
hybrid CSXM-ML compiler. The goal is to ensure
reproducibility and provide a robust basis for assessing both
anomaly detection performance and system behaviour.

» Dataset Description
To support comprehensive evaluation, two
complementary datasets were used:

e DeepFix Dataset (Real-World Data):

This dataset contains real programming errors and their
corresponding corrections, providing realistic examples of
syntax and semantic anomalies. It serves as a benchmark for
evaluating the model’s ability to generalise to real-world
coding patterns [11].

e Synthetic Dataset (Custom-Generated):

A synthetic dataset was created by injecting controlled
anomalies into hybrid C#-Python code samples. These
anomalies include syntax errors, logical inconsistencies, and
structural deviations. Each sample is annotated with metadata
such as anomaly type, expected behaviour, and code snippet.

The combination of real and synthetic datasets ensures
both realism and controlled coverage of error types.

» Data Preprocessing

Before training, all datasets underwent preprocessing to
ensure consistency and compatibility with ML models. The
preprocessing steps include:
o Removal of irrelevant or noisy data

NISRT26SEP417
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Tokenisation of code into structured sequences
Normalisation of code formats

Encoding of tokens into numerical representations
Labelling of each sample based on anomaly type

To maintain uniformity, sequences were padded or
truncated to a fixed length. This enabled efficient batch
processing during model training.

» Experimental Configuration

The experiments were conducted using Python 3.10
with TensorFlow for model development. Training and
evaluation were performed on both local machines and cloud-
based environments (Google Colab), allowing scalability and
computational flexibility.

o Key Configuration Details Include:

v’ Dataset split: Training and testing subsets

v Hyperparameter tuning using grid search

v' Batch processing for efficient training

v Multiple experimental runs to ensure consistency

A total of over 150 training and testing iterations were
executed, allowing for model refinement and performance
stabilisation.

» Evaluation Procedure

The evaluation process was designed to assess both the
ML models and their integration within the compiler. It
includes:

Training each model using the prepared dataset
Testing model performance on unseen data

Integrating trained models into the compiler pipeline
Running sample programs through the compiler
Observing anomaly detection and correction behaviour

Both correct and intentionally faulty code samples were
used to evaluate system robustness.

» Evaluation Metrics
Performance was measured using standard
classification metrics:

Accuracy
Precision
Recall

F1-Score

These metrics were computed for each model to
compare their effectiveness in detecting anomalies. In
addition, observations were made on system behaviour,
including detection consistency and reliability of suggested
corrections.

> Reproducibility Considerations

To ensure reproducibility, all datasets, preprocessing
steps, and model configurations were documented. The use
of publicly available datasets alongside clearly defined
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synthetic data generation processes allows the experiments to VI. RESULTS AND EVALUATION

be replicated and extended in future research. This section

outlines the experimental foundation for evaluating the This section presents the results of the experimental
proposed system. The next section presents the results and evaluation of the proposed hybrid CSXM—-ML compiler as
analysis of the hybrid compiler’s anomaly detection presented in table 1, table 2, Figure 3 and Figure 4. The
performance. analysis focuses on the anomaly detection performance of the

integrated ML models and their effectiveness within the
compilation pipeline.

Table 1 Performance Comparison Table for the Machine Learning Models Using Generated Dataset.

Metrics RF CNN CNN-LSTM
Accuracy (%) 93.00 91.00 90.00
Precision (%) 91.30 90.20 88.90

Recall (%) 93.30 92.00 92.30
F1-Score (%) 92.30 91.10 90.50
Table 2 Performance Comparison Table for the Machine Learning Models Using DeepFix Dataset.

Metrics RF CNN CNN-LSTM
Accuracy (%) 85.51 86.44 89.72
Precision (%) 86.54 85.46 89.00

Recall (%) 84.11 87.85 90.65
F1-Score (%) 85.31 86.64 89.82
100
390.65
89.72 89.82

86.54
85.51

85.46

37.85
86.64
85.31
8411 I I
a0 I

Accuracy (%) Precision (%) Recall (%) F1-Score (%)

EMRF WCNN mCNN-LSTM

Fig 3 Performance Comparison for the Machine Learning Models Using DeepFix Dataset.

100

93

91
89.72 S0
86.44
85.51 I
a0 l
RF CNN CNN-LSTM

m DeepFix W Generated

Fig 4 Bar Chart Showing the Accuracy of DeepFix Dataset and the Generated Dataset.
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» Model Performance Comparison

The three ML models; Random Forest (RF),
Convolutional Neural Network (CNN), and CNN-LSTM
were evaluated using the test dataset. Each model
demonstrated the ability to detect code anomalies, with
varying levels of performance across the evaluation metrics.

e Random Forest (RF):

Provided stable baseline performance with relatively
fast inference time. However, its ability to capture complex
structural patterns in code was limited compared to deep
learning models.

e CNN:

Showed improved performance in identifying structural
anomalies due to its ability to capture local patterns within
token sequences. It achieved higher precision compared to
RF.

e CNN-LSTM:

Delivered the best overall performance by combining
spatial and sequential learning. It achieved the highest recall
and F1-score, indicating strong capability in detecting diverse
anomaly types.

Overall, deep learning models outperformed the
traditional RF model, particularly in handling complex and
context-dependent errors.

» Quantitative Results

Across the experimental runs, the models achieved
consistently high performance. The CNN-LSTM model
demonstrated the best balance between precision and recall,
while the CNN model achieved competitive accuracy with
slightly lower computational cost. RF maintained reliable but
comparatively lower performance. The results confirm that
incorporating sequential context significantly improves
anomaly detection accuracy. The use of both real-world and
synthetic datasets contributed to improved generalisability
across different error types.

» Integration with the Compiler Pipeline

When integrated into the CSXM-based compiler, the
ML models enhanced the system’s ability to detect anomalies
beyond traditional rule-based checks. The compiler
successfully identified:

o Syntax-related anomalies missed during early parsing
stages
e Logical inconsistencies not captured by semantic rules
e Uncommon or irregular coding patterns
The ML outputs were effectively incorporated into the
CSXM framework, enabling structured handling of detected
anomalies through predefined transitions.

» System Behaviour and Reliability
The hybrid compiler demonstrated consistent behaviour
across multiple test scenarios. Key observations include:

e Accurate detection of known anomaly patterns

NISRT26SEP417
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o Stable performance across repeated runs
o Effective interaction between CSXM control flow and
ML predictions

However, some false positives and false negatives were
observed, particularly in edge cases involving ambiguous or
previously unseen code patterns. These cases highlight the
importance of dataset diversity and model generalisation.

» Comparative Insights
The evaluation highlights several important insights:

o Deep learning models significantly enhance anomaly
detection capability.

e Sequential modelling (CNN-LSTM)
effective for code analysis.

e Combining formal methods with ML provides both
reliability and adaptability.

is particularly

While the results demonstrate clear improvements in
detection accuracy, they also reveal the need to consider
computational overhead, which is examined in the next
section. This section confirms the effectiveness of the
proposed hybrid approach in improving compiler
intelligence. The next section provides a detailed analysis of
performance, including compilation latency and ML
inference overhead.

VII. PERFORMANCE ANALYSIS AND
DISCUSSIONS

This section presents a detailed analysis of the
performance implications of integrating Machine Learning
(ML) into the CSXM-based compiler. While previous
sections demonstrated improvements in anomaly detection
accuracy, this section evaluates the associated computational
cost, focusing on compilation latency, ML inference
overhead, and practical deployment considerations.

» Compilation Latency Analysis

The integration of ML models introduces additional
processing stages within the compilation pipeline, resulting
in increased compilation time. This latency primarily arises
from feature extraction, data preprocessing, and model
inference. Experimental observations indicate that:

e Random Forest (RF) introduces minimal latency due to its
lightweight structure.

e CNN incurs moderate latency, particularly during feature
transformation and convolution operations.

e CNN-LSTM introduces the highest latency due to
sequential processing and increased model complexity.

Although the latency increase is measurable, it remains
within acceptable bounds for offline or batch compilation
scenarios. However, for real-time or interactive
environments, such delays may impact usability.
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» ML Inference Overhead

ML inference overhead is a critical factor affecting
system performance. The complexity of deep learning models
directly influences execution time and resource consumption.
Key observations include:

e Increased memory usage for deep learning models
compared to traditional methods.

e Longer inference times for models with sequential
dependencies (e.g., CNN-LSTM).

o Trade-off between model complexity and detection
accuracy.

Despite these overheads, the improved anomaly
detection capability justifies the integration, particularly in
scenarios where correctness and code quality are prioritised
over speed.

» Accuracy vs Performance Trade-off
A central finding of this study is the trade-off between
detection accuracy and computational efficiency:

o RF offers faster execution with lower accuracy.

e CNN provides a balance between performance and
accuracy.

e CNN-LSTM achieves the highest accuracy at the cost of
increased latency.

This trade-off suggests that model selection should be
context-dependent. For example, lightweight models may be
preferred in time-sensitive environments, while more
complex models are suitable for thorough offline analysis.

» Dataset Labelling Effort

The effectiveness of supervised ML models depends
heavily on the availability of labelled datasets. In this study,
significant effort was required to:

e Annotate synthetic data with anomaly types
o Validate labels for consistency and correctness
o Align real-world and synthetic datasets

This labelling process is time-consuming and may limit
scalability. Additionally, manual labelling introduces the risk
of inconsistencies, which can affect model performance.
Future work may explore semi-supervised or unsupervised
approaches to reduce this dependency.

» Generalisability and Scalability

While the models performed well on the evaluated
datasets, their ability to generalise to unseen codebases
remains a challenge. Differences in programming styles,
languages, and complexity levels can affect model
performance. Scalability considerations include:

o Handling larger and more diverse datasets
Extending support to multiple programming languages
Maintaining performance efficiency as system complexity
grows
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Addressing these challenges is essential for real-world
adoption of hybrid compiler systems.

» Discussions

The results demonstrate that integrating ML into a
formally defined compiler significantly enhances anomaly
detection capabilities. However, this improvement comes at
the cost of increased computational overhead and data
preparation effort. The CSXM framework plays a crucial role
in maintaining system correctness and structured control,
ensuring that the integration of ML does not compromise
reliability. Overall, the findings highlight the importance of a
performance-aware approach when designing intelligent
compilers. Balancing accuracy, efficiency, and scalability is
key to achieving practical and effective deployment. This
section provides critical insights into the trade-offs and
challenges of the proposed system. The final section
concludes the paper and outlines directions for future
research.

VIII. CONCLUSION AND FUTURE WORK

This paper presented a performance-aware hybrid
compiler that integrates the Communicating Stream X-
Machine (CSXM) formal framework with Machine Learning
(ML) techniques to enable intelligent code analysis and
anomaly detection. The proposed approach combines the
strengths of formal verification and data-driven learning,
resulting in a system that enhances traditional compilation
processes with adaptive capabilities. The implementation and
experimental evaluation demonstrated that ML models,
particularly deep learning approaches such as CNN and
CNN-LSTM, significantly improve anomaly detection
accuracy compared to traditional methods. The integration
within the CSXM framework ensured that these
enhancements were achieved without compromising the
structural correctness and reliability of the compiler. The use
of both real-world and synthetic datasets further validated the
robustness of the approach.

A key contribution of this work is the performance
analysis of the hybrid system. The results showed that while
ML integration improves detection capability, it introduces
additional compilation latency and computational overhead.
The study highlighted the trade-off between accuracy and
efficiency, emphasising the need for context-aware model
selection depending on application  requirements.
Furthermore, practical challenges such as dataset labelling
effort and model generalisability were identified as important
considerations for scalability.

Future work will focus on optimising the ML inference
pipeline to reduce latency and improve real-time
performance. Additionally, exploring semi-supervised and
unsupervised learning approaches may reduce reliance on
labelled datasets. Extending the framework to support
multiple programming languages and more complex
codebases will further enhance its applicability. Finally,
incorporating explainable Al techniques could improve
transparency and trust in ML-driven compiler decisions.
Overall, this research establishes a strong foundation for the
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development of intelligent, adaptive compilers that
effectively balance correctness, performance, and learning
capability.
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