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Abstract

Performance bottlenecks can have material impacts on users of an application. The existing
tools are limited and require careful analysis of method traces to debug performance issues. This
dissertation introduces Aioptim. Aioptim is a command-line tool that identifies and resolves
performance bottlenecks in Java and Python applications. This tool uses IBM’s Instana APM,
static analysis, and a fine-tuned binary classifier to identify method blocks contributing to
performance degradation. These method blocks are replaced with Al-generated code through
Ollama. The binary classifier had an F1 score of 0.813 on short/medium code samples. The
classifier’s performance declined on longer code samples. Qwen2.5-coder:32b-instruct was used
for code generation and produced functional, performant code in more than 70% of the cases.

This dissertation explores the benefits and limitations of using AI with dynamic/static analysis.
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Chapter 1

Introduction

In modern times, performance has become a fiercely competitive industry, with companies
fighting for seconds to ensure user traffic reaches them [14]. The consequences of considering
performance as an afterthought are devastating to businesses. Amazon lost 1% in global sales
per 100 milliseconds in delay [29]. It comes as no surprise that companies are allocating millions
of dollars to save milliseconds [59]. All the while, software is becoming increasingly more com-
plex, showing no signs of stopping soon [42]. The increasing complexity of software brings with
it increasing costs [42]. Millions are being spent [59] on its prevention, yet the first responders
to performance issues have technology that lags behind the users’ needs. Increased software

complexity, increased user demand and lagging technology are a potent mix for disaster.

The technology that is most commonly used today for performance tuning are profilers [55].
Profilers provide key information about specific functions and their metrics [55]. Profilers lack
an end-to-end system that can detect bottlenecks and resolve them automatically. Such a
system would eliminate the need to factor in human response times for time-sensitive tasks.
To this end, this paper proposes a solution that combines traditional profiling techniques with

artificial intelligence to build an automated end-to-end system to detect and resolve bottlenecks.

1.1 Objectives

The objectives of this project are to:



1. Leverage dynamic and static analysis to narrow the search space for inefficient endpoints.

2. Use deep learning and the identified inefficient endpoints to automate the identification

of bottlenecks.

3. Harness generative artificial intelligence to automate the process of resolving the identified

bottlenecks.

1.2 Report Structure

The report is broken down into the following structure:

1. The background covers the terms and concepts used throughout this dissertation.

2. The requirements and specifications outline the characteristics of the tool and describe

how the functional and non-functional requirements will be satisfied.
3. The design chapter details the decisions involved in developing the tool.
4. The implementation chapter presents the concrete details involved in developing the tool.
5. The chapter on legal, social, ethical, and professional issues addresses the various concerns.
6. The evaluation chapter reflects on the advantages and limitations of the tool.

7. The conclusion summarises these concepts



Chapter 2

Background

This chapter aims to introduce background and context to the issue of performance bottleneck
detection and resolution. The main topics covered in this chapter are the definitions, related

works and a brief overview of the strategies.

Performance is a metric used to describe the efficiency of distributing compute resources. Histor-
ically, performance is described in conjunction with throughput and latency [18, 30]. Through-
put defines how much processing happens concurrently, whereas latency describes the time it

takes for the processing to occur [18] [30].

2.1 Performance Bottlenecks

In the context of application profiling, performance bottlenecks are identified as endpoints
that have limited throughput and or higher latency. Endpoints are defined broadly as the

intersection between the client and the machine.

2.1.1 Causes of Performance Bottlenecks

Performance bottlenecks are the result of:

i. Poor choice of data structures and/or algorithms [34].



ii. Resource exhaustion [34].

Traditionally, endpoints have been identified by evaluating low-level system metrics such as

CPU utilisation [12].

As indicated previously, the scope of this research is to identify cases where there has been a
poor choice of data structures and/or algorithms. Appendix A.1 contains a non-exhaustive list

of popular performance issues.

2.1.2 Compiler Optimisations

Performance bottlenecks are not easily optimised by compilers; this is because the bottlenecks
manifest themselves during the runtime of a program and, therefore, are not picked up by the
static code analysis phase in the compilation process. Han et al. claim that performance issues
manifest in ‘specific inputs’ or ‘configurations,” which in turn trigger performance degradation

211.

There is an evident need for a strategy that captures the dynamic nature of bottleneck identi-

fication.

2.1.3 Chaos Engineering

One such strategy is chaos engineering. Chaos engineering is a set of processes that seek to
simulate behaviour on an application that deviates from the norm [6]. An example of a chaos

engineering technique is load generation [2].

Load generation is the process of exposing a system to a high number of requests [2]. In turn,

this process manufactures the perfect conditions for exposing performance bottlenecks.

2.2 Dynamic Analysis

In isolation, load generation can not identify the endpoint causing the performance degradation.
Profiling tools such as IBM’s Instana are employed to supplement the load generation process

[70).



Profiling is the process of gathering metrics related to the runtime performance of applications
[70]. Tools like Instana use code instrumentation to provide fine-grained details. Often, these
details include the endpoint latency. Due to programming language implementation differences,

latency is not the most accurate metric for identifying bottlenecks [16].

2.3 Static Analysis

Static analysis delves deeper and explores these differences in implementation. Static analysis

is the process of using rules to analyse code before execution [§].

An example of a static analysis technique is call graph construction. Call graph construction
is the process of evaluating method calls to trace the journey of a request [53]. This approach

can offer deeper insight into how slow requests are being processed by an application.

Finite rules, however, do not capture the infinite ways of producing inefficient code, nor do they
consider the context [53]. This supports the claim that static code analysis is undecidable [32].
While practical solutions for static code analysis exist, assumptions are often made to meet the

needs of commercial settings [25].

2.4 Hybrid Approach

It is evident that dynamic approaches lack low-level detail, and static approaches lack high-level

context information. This hybrid approach employs the advantages of both techniques.

2.4.1 Related Work

Navas and Gehani’s paper discusses the use of this hybrid approach to optimise memory usage
in embedded devices [41]. Dynamic analysis collects information from user-provided parameters
to inform static analysis phases [41]. This enables the OCCAM-v2 tool to remove redundant
code [41].

Dynamatic is another tool that utilises this dual-phase approach [15]. Dynamatic’s static anal-
ysis component instructs the dynamic analysis component to instrument code for the purposes

of detecting race conditions [15].



Antal et al’s study into bug prediction utilises static and dynamic analysis stages to generate
a ‘hybrid call-graph’ |4]. Two metrics are extracted from these graphs to train a machine-
learning mode [4]. This paper found that models trained with the ‘hybrid call-graph’ excelled

in detecting bugs [4].

2.5 Machine Learning

It would be useful at this stage to consider an alternative. Machine learning is the process of
learning patterns from distinct characteristics of data [54]. Trained models can make predictions

on unseen data.

This study focuses on evaluating code snippets; however, there are numerous challenges to
extracting relevant features from code. As is well known, it is not possible to calculate recursive

depth accurately.

To this end, utilising traditional machine learning will not be satisfactory because it will exclude

an important metric.

2.6 Deep Learning

An alternative to consider is deep learning. Deep learning is the process of learning patterns
from unstructured data. The difference between machine learning and deep learning is that

deep learning does not require feature extraction.

2.6.1 Transformer

An example of a deep learning architecture is the transformer. This is an architecture that

enables sequence inference [66].

Bahdanau et al. introduced the concept of attention in their 2014 paper to solve the problem

of recurrent neural networks not retaining long-term memory [66].



2.6.2 Transfer Learning and Fine-Tuning

Transfer Learning is an approach whereby a transformer model’s existing knowledge is repur-

posed for a different task than it was initially intended for [28].

An example of a downstream task is classification. Classification is the task of assigning labels to
data based on its features [61]. Binary classification is a subset of classification operating on

only two labels. The labels assigned to a piece of data depend on the training set of a model.

2.6.3 Related Work

A technique exists to compare two pieces of code to probabilistically identify whether one code
snippet will outperform the other [50]. Under the hood, this uses deep learning to compare the

code’s abstract syntax trees (AST) [50].

2.6.4 Evaluating Outputs

This section discusses the metrics used to evaluate the performance of a binary classifier. In

the following, the term ‘true positives’ refers to the positive cases.

o Accuracy: proportion of correct predictions over all predictions [26]
 Precision: proportion of true positives over all predicted positives [26]
o Recall: proportion of true positives over all actual positives [26]

o F1 score: balance of precision and recall [20]

2.7 Generative Artificial Intelligence

Having explored the strategies used in bottleneck identification, this section analyses the tech-

niques to resolve bottlenecks.

The term generative artificial intelligence describes models that have been trained on a large

corpus of text and can draw ‘statistically probable outputs’ from their training [3§].
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2.7.1 Prompt Engineering

Prompt engineering is a field of study that researches how to constrain the output of generative

models.

Information retrieval is a prompt engineering technique where additional domain-specific details

are supplied to the prompt [46].

Context amplification is another technique where the models’ attention is manipulated to focus

more on a specific part of the prompt [46].

2.7.2 Related Work

Developer tooling is an example of a practical use of artificial intelligence. Systems such as
Copilot and Cursor have rapidly gained notoriety for their ability to streamline the software

development process.

2.7.3 Evaluating Outputs

Rosas et al. explore the idea of using generative Al to optimise code and seek to compare the

generated code with the optimised code produced by a compiler [52].

This study concluded that generative artificial intelligence could optimise successfully with a
high probability on small inputs [52]. However, models expressed ‘non-deterministic’ behaviour
when exposed to longer inputs [52]. This highlights the need to evaluate the output code

produced by a generative model.

2.7.4 PassQK

One technique to evaluate the output code is ‘pass@k’ by Chen et al. [11]. This technique
seeks to measure the probability of there existing one out of ‘k’ generated code solutions that

can pass some predefined unit tests [11].

11



2.7.5 BLEU

‘BLEU’ is an algorithm that tokenises both the expected code solution and the code generated
by an ATl model. It then takes the token lists and compares their similarities [45]. This is quite
a naive approach to identifying whether two pieces of code are similar because there could exist

a function which does not use the same token sequence yet is semantically the same.

2.7.6 ICE-score

There exists a technique that uses large language models (LLM) to produce an ‘ICE-score.’

This score is based on the ‘usefulness’ and the ‘functional correctness’ of generated code [71].

2.7.7 CodeJudge

CodeJudge is a framework that guides an LLM in evaluating whether a piece of generated code

meets a list of requirements. [64]

This adopts a dual phase approach to enable an LLM to evaluate its own understanding [64].

12



Chapter 3

Requirements & Specifications

This chapter outlines the system’s functional and non-functional requirements and specifies

how these requirements will be met.

3.1 Functional Requirements

The following outlines the characteristics of the system:

SFR1. Interface with GitHub to pull code from a repository.

SFR2. Interface with GitHub to push code to a repository.

SFR3. Collect endpoint information from IBM Instana.

SFR4. Parse methods in the provided source code.

SFR5. From the parsed code, identify code that contributes to performance bottlenecks.
SFR6. Generate performant source code.

SFR7. Validate the generated code.

From the perspective of the user, the system should enable the user to:

UFRI1. Input details into the system.

UFR2. Receive optimised source code in the same repository.

13



UFR3. Authority over how performance bottlenecks are defined.

3.2 Non-Functional Requirements

The following is an outline of how the system should operate:

SNFR1. Detect slow code from parsed methods with at least 75% accuracy.
SNFR2. Enable developers to add language support in future works.

SNFR3. Automatically run at scheduled intervals.
From the perspective of the user, the system should aim to:

UNFRI1. Keep users informed on the progress of optimisation.
UNFR2. Enable users to set up and operate the system with ease.

UNFR3. Be accessible.

3.3 Specifications

Table outlines how the functional and non-functional requirements will be met while con-

sidering some assumptions.

14



Table 3.1: Assumptions and Specifications

Requirements | Assumptions Specifications
SFR1
SFR2 Fine-grained read/write access to .
: The tool can use the GitHub REST API
repository
UFR2
SFR3 Instana APM ' properly configured & The tool can use the Instana REST API
API keys provided
SFR4 Source code files encoded in UTF-8 The tool can parse using the tree-sitter
library
SFR5 User systems can run deep learning ﬁ‘Enir{;lisZlfgg?lzobilgﬁc_iu?fit
SNFR1 models SIme @ Jarge datas ¢ acettate
predictions
The tool can utilise the Ollama
SFR6 User provides access to cloud GPU framework to generate code from pulled
models
. A feedback loop mechanism can be
SFRT User provides access to cloud GPU created to validate Al-generated outputs
UFR1 The tool can employ an accessible
UNFR2 The external systems are correctly set up | command line interface to enable users
UNFR3 to input parameters
The user is aware of their average This can be another parameter for the
UFR3 . L
endpoint latency command line interface
The source code for this tool adheres to | The tool can be modularised and loosely
SNFR2 .
best practices coupled
SNFR3 The systems are continuously running A loop strl}cture can be implemented to
support this
UNFR1 The prefect server is configured correctly Users can have CLT and GUT access to

monitor the tool

15




Chapter 4

Design

4.1 Introduction

This chapter begins with a high-level overview of the command-line tool’s use case and archi-
tecture. Subsequent sections provide a detailed account of the components and the rationale
behind design decisions, including evaluating alternative approaches. The design decisions
build upon the functional and non-functional requirements discussed in the previous chapter.
To conclude this chapter, the various deployment architectures are explored to highlight the

tool’s versatility.

4.2 Use Case

Command-Line Tool

<<Extend>>
y

Figure 4.1: UML Use Case Diagram for the Command-Line Tool

Engineer
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Figure [4.1] illustrates a UML diagram.

e Setup involves configuring GitHub repository access, the Instana API key, and Ollama

parameters.

e Start involves configuring maximum endpoint latency thresholds and run intervals.

A limited instruction set reduces the extraneous cognitive load [10] on the engineer administrat-
ing the tool. Cognitive load is a growing problem in the tech industry with the advent of new
technologies at a breakneck pace. This problem is exacerbated by the fact that a large amount
of software developers report being neurodivergent [63], which means they face a "higher level of
perceived extraneous cognitive load’ [33]. Therefore, by implementing measures to reduce the
load, such as limiting instruction sets and using colour [37] within terminal logging statements,

the tool can be more accessible.

4.3 System Flow

Instana Code From
Backend GitHub

System I
Y A

Setup >[ Controller ] >[ Instana } >[ Fault Line ]
Parameters

Y

—_—

[ Push Code ]< [ Generation ]4 Classification ]

Y
Code To
GitHub

Figure 4.2: Flowchart for the System Flow, Based on the Pipes and Filters Pattern

The flowchart in Figure has been employed to model the system architecture. A flowchart
is a diagram that simplifies a process, using shapes to model the nodes in a system and arrows

to illustrate their interactions.

The system operates in a pipeline-like fashion, known as the Pipes and Filters design pattern.

This pattern consists of processing steps, referred to as ‘filters’, and the plumbing between

17



them, which are called ‘pipes’ [19]. A slight adaptation of this design pattern is used, whereby

a singular controller node facilitates the communication between processes.

A significant advantage of this pattern is that it mimics the sequential nature of debugging
performance bottlenecks in production code bases [13]. Another advantage is its natural adher-
ence to the open-closed principle [40], which means further components can be easily appended
to the pipeline and independently tested. A side effect of having independent components is
loose coupling, promoting proper coding practices. A limitation of this approach is the sharing

of context information between processing nodes [22].

A different approach could be to use the chain of responsibility design pattern. This design
pattern relies on successive concrete handlers to transform the data or pass it forward to the
next handler [69]. The principal limitation of this approach is that processing is not necessary
at each stage of the chain; in other words, a handler can skip processing the data and pass it
to the next handler [69]. However, the command-line tool relies on the output from previous
stages to inform the inputs to the following stages. Therefore, a chain responsibility pattern

does not align with the system’s needs.

4.4 Outline of Interactions

Assuming the setup and start parameters are valid, the controller instantiates the pipeline.

Slow endpoint information is retrieved from the Instana back end, and a fault line is generated
by statically tracing the method calls made by the slow endpoint. The term ‘fault line’ refers

to the call graph construction discussed in the background chapter.

By mapping the method traces, the system positions itself to capture the potential epicentre
of the performance degradation. Owing to the fact that production source code is often highly
cohesive, the fault line would consist of many code blocks. Therefore, a fine-tuned BERT model
is employed to narrow the sample space by performing binary classification on the code blocks
to separate ‘slow’ code from ‘fast’ code. The slow code samples are then passed to the generative
model via Ollama. The generative model creates code that performs the same task much more
efficiently. The optimised code undergoes a set of validation steps before it is pushed back onto

the GitHub repository.

18



4.5 Instana Middleware

Instana Instana Backend
Controller
Middleware API|
|
—~—
Get Slow Endpoints >
Get Endpoints By Metric X —
~ Endpoints By Metric X
.- — - —— —— —— = |
Sorted Wrapped Endpoints ‘
e

) ) —— \
Filter Endpoints > ‘
""" Filtered Endpoints \
T | \
I

Figure 4.3: UML Sequence Diagram for the Instana Middleware

This section attempts to provide a detailed account of the Instana middleware using a UML
sequence diagram (Figure [4.3). A UML sequence diagram is a tool that illustrates the ex-
change between entities [56]. Middleware is an entity that sits between two systems and facili-

tates their collaboration.

Per Figure 5, the Instana middleware sits between the controller and the IBM application
programming interface (API). The API retrieves performance metrics from a preconfigured
application perspective. Upon receiving the metrics data, the middleware wraps it into a

usable object and returns it to the controller.

The controller then requests the middleware to filter the endpoints and pass them to the next

stage of the pipeline.

As the sponsor of this dissertation, the scope of this study is limited to IBM’s Instana application
performance monitoring (APM) tool. One advantage of using Instana is that it comes with a
preconfigured microservices application called robot-shop. This makes development and testing
more efficient. Alternative APMs include Datadog, Elastic and Sentry. These APMs also

provide endpoint performance metrics.

19



4.6 Fault Line

SE—  SE—
File Process 1 File Process 2 Flle Objects
. > .
GitHub References Objects > —— 'Enr|ched
Extract Files With Methods
Methods
N
A Process 3
Trigger J
r —_— — Extend
Process 5 Process 4 Files
Controller - Fz‘ault < Endpoint Exter\ded ‘
Line Trace Method Locate <+—— File ——F
Methods Endpoint Objects
N

Figure 4.4: Data Flow Diagram for the Fault Line Generation System

The term ‘fault line’ is generally understood to have geographical connotations. Throughout
this dissertation, however, a fault line will refer to the set of methods that can be traced from

method calls made by slow endpoints.

Table 4.1: Method Calls Made by Each Method

Method Calls | Method 1 | Method 2 | Method 3 | Method 4 | Method 5
Method 1

Method 2 v

Method 3 4

Method 4 v

Method 5 v

Table [d.T]illustrates the method calls in a sample program. To generate a trace, one must follow

the method calls in a breadth-first manner.

Method 1 calls > Method 2 calls > Method 3 calls > Method 4

Method 1 calls »| Method 5

Fault
Line:

Method 1 } >

Method 5 ] >

Method 2 } >

Method 3 } >

Method 4 ]

Figure 4.5: Fault Line Generated by Tracing Method 1

Production code bases are often made up of many highly cohesive components. As a result,
numerous possible code blocks could contribute to poor endpoint performance. The purpose of
fault line generation is to reduce the attack surface by exhaustively collecting methods involved

with processing a request. This component achieves this by operating like a lightweight parser.

To combat the complex problem of static tracing, source code files must undergo several trans-

20



formative steps, as Figure [4.4]indicates. A data flow diagram is a tool that models the journey

of data through a system [67].

Before applying transformative steps, the source code must be fetched from the deployment
branch of the GitHub repository. Once the files are loaded, the methods in each file are
extracted. Moreover, files may include import statements. Therefore, they are connected and
enriched by the methods available in the imported files. This enables the exhaustive search

across source code files.

The method associated with the slow endpoint (from the previous stage) is located in the graph-
like file-method structure. Using the technique ascribed in Figure a fault line is generated
from method 1. This approach follows the exploratory discussion in the background chapter,
where dynamic monitoring tools were employed in tandem with static analysis tools such as

this component.

A design choice considered when developing this component involved selecting the medium from
which to fetch files. GitHub was chosen because of its dominant position in the version control
systems market [31]. However, a principal limitation of using GitHub is the inadequate API
documentation. By contrast, competitors such as BitBucket and GitLab offer similar services

with much more intuitive documentation.

Another design choice was adopting a lightweight parser to produce method traces. This was
used since Instana can not provide low-level insights on performance issues. In practice, sev-
eral techniques have been developed to trace methods. A prominent example in the field is
Python’s ‘settrace’ method [43]. This functionality can be used to keep track of methods
involved in processing a request. Often, this is more accurate because it follows the exact
execution path at runtime, whereas the current solution operates on a more exhaustive, naive
approach. A caveat to using runtime tracing methods is the requirement to adapt the base
source code. Therefore, the trade-off is made between the ease of use and the accuracy of the
system’s responses. A requirement of this tool is to solve the issue of performance bottleneck
detection in an accessible manner. Furthermore, closer inspection of the runtime tracing ap-
proach indicates that it is not scalable, as new frameworks would need to adhere to a strict set
of tracing constraints in order to be compatible with this tool. Weighing the trade-offs, this

paper believes the current lightweight parser solution is the best approach forward.
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4.7 Code Classification

This section is divided into two subsections. The first subsection describes the design for the
training process, and the subsection that follows discusses how the classifier integrates into the

pipeline.

4.7.1 Classifier Training

Generate By Problem ID and
Start - CodeNet .l cpuT o '
o Metadata ime rogramming
Quantiles Language

A J

Y

CodeNet GTe”,er_ate . CPU Time
Data raining Quantiles
Data

Code
Sample CPU
Time > U
Quantile

Code
Label: Sample CPU

'Fast' Code | Time <L

Quantile

Training Label:
R e —
File 'Slow' Code

Y
GraphCode Hugging Tuned
BERT Face Trainer "/ Model Save Model

Figure 4.6: Flowchart Describing the BERT Fine-Tuning Process

L: Lower
U: Upper

Figure describes the training process. The training set for this tool was IBM’s CodeNet
dataset [49]. This dataset consists of code submitted to online code-judging platforms. These
platforms compare competitive programmers based on their code solutions’ speed and memory
usage. This dataset was utilised because of its extensive metadata and code samples. Another
advantage of using this data is that it is naturally augmented. This means that many code
samples differ slightly and, therefore, ‘artificially increase the training set’ [3]. This means the

model generalises better to unseen data.

Microsoft’s GraphCodeBERT model was selected for its awareness of data flow [20], which is
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paramount to understanding the semantics of code. This model must be fine-tuned using the
training set to perform binary classification on a code sample. Since GraphCodeBERT is aware

of programming languages and their structure, this greatly simplifies the fine-tuning process.

A training set is required to fine-tune the model. The training set comprises data and its
corresponding labels. Labelling the data beforehand would be a fruitful strategy to limit billed
GPU usage during training. Labelling the data requires evaluating the metadata for each code
sample. Code samples are grouped by the problem they are solving and the language in which
the solution is implemented. Since this study employs CPU time as a metric to classify ‘fast’
and ‘slow’ code, a lookup table of CPU time quantiles is created. This table has entries for

each problem and each language implementation.

Fast Code I Ambiguous I Slow Code

Lower Quantile Upper Quantile

Figure 4.7: Code Sample Labelling

Owing to the fact that the measurement of CPU time could be inaccurate [23], this introduces
some uncertainty. To minimise the impact of inaccuracies with CPU time measurements, code
samples that lay close to the central quantiles should be marked as ambiguous and disregarded.
This is because those code samples could be categorised as fast and slow code based solely on
sub-milliseconds differences in CPU run time. This partition creates two distinct zones for the

labelling of fast and slow code based on CPU time quantiles, as illustrated in Figure 4.7

Following the creation of a lookup table, a training set is generated based on the upper and
lower quantiles. The final stage of training comprises fine-tuning the GraphCodeBERT model

using the training set.
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4.7.2 Classifier Integration
Controll . Code To
ontrofier Classify

Code
Encoding > Max
Token Size

Split Raw
Code

Yes—»

No

Y
Tuned > Classif -
Model y "
Y

Figure 4.8: Flowchart Describing the Classification Process

The fine-tuned classifier is then integrated with the rest of the pipeline (Figure . Code
extracts from previous stages are passed in and classified based on the model’s training. An
edge case is when code extracts exceed the maximum input length for the tokenisation process.
With the GraphCodeBERT model, the tokeniser has a maximum input sequence length of
512 tokens. Input sequences that exceed this maximum are split into segments and processed
individually. The mode of the resulting segment classifications is taken. The list of method

classifications is returned to the controller.
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4.8 Code Generation

Not
Error @""7’Found <\

|
.—> Model Exists Found—»| Generate Code ‘\

< X tries

Validate

‘_> Describe CodeJudge] CodeJudge <jwalid > X tries
Problem Analyse Analyse \
@ Error

\\Valid"’/’©

Y
Success @47 Push Code To
GitHub

Figure 4.9: State Machine Diagram to Describe the Code Generation Process

Once the classification phase has identified the slow methods, the code generation phase aims

to resolve those issues using generative artificial intelligence.

This project component utilises generative Al to develop valid and performant code. To this
end, there are a number of transitional steps (Figure to ensure that the generated code
meets these requirements. A state machine is employed to represent these transitions. State
machines represent the system’s current mode and the possible modes a system can reach based
on some conditions. The Ollama platform is leveraged to speed up the development and use
of Al models. Ollama provides unified access to various Al models, enabling flexibility and
streamlining development. API requests are sent from this tool to the user-provided server to
poll the generative Al models. If the models the user has specified are available, the multi-stage

code generation process begins.

At the beginning of the process, a request is made to generate more performant code, given
an extract of slow code. The output from this phase is passed through a sequence of prompts,
also known as prompt chaining. [27] In practice, sequencing prompts in such a manner has

increased the generated responses’ accuracy [27].

CodeJudge is used to validate the responses, as described in the background chapter. The
design of the prompts maps perfectly to the CodeJudge ’Analyse-then-Summarise’ framework

[64]. This technique guides a model in making some evaluations and then summarising those
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evaluations. More concretely, this tool adopts CodeJudge to ensure the generated code has the

same functionality as the slow code being replaced.

If the generated code meets the requirements, it is pushed onto the GitHub repository in a new
branch. If the generation framework cannot satisfy the requirements and exceeds the number

of attempts, X, no code is produced and shipped.

The decision to use CodeJudge is clear, as other evaluation techniques described in the back-
ground chapter are naive (BLEU, BERT) or rely on the existence of complete unit tests
(pass@k). This work makes another decision to limit the generation attempts to conserve
GPU usage. This is a key consideration, as the models listed in this paper may require access

to expensive computing infrastructure.

4.9 Deployment Architecture

To conclude this chapter on design, I will explore the deployment environments using deploy-
ment architecture diagrams. These diagrams illustrate the hardware and software configurations

supported by this tool.

«device»

«device» Tool Server

Application Server

«docker»
Application Tool

Robot-Shop http://localhost:11434/api/generate

«docker» «docker»
Instana Backend Ollama Backend

/applications
Instana /metrics/endpoints “

:

Figure 4.10: Deployment Diagram for Minimal Environment

Under the assumption that the user wants to configure the robot-shop application provided by
IBM, there is a strict requirement that the Instana agent and the application backend reside
on the same server. This is to enable endpoint discovery and collect system metrics. = The
configuration where the service and the tool reside on the same server (Figure is cost-

effective and increases the speed of the Al model inference. This is because the tool will not
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need to communicate over a network. The trade-off for this design is introducing a single point

of failure.

«device»
Ollama Server

«docker»
Ollama Backend

«device»
Application Server
Ollama
«docker»

Application

Robot-Shop —

«docker»
Instana Backend

http://<server-ip>:11434/api/generate

«device»
Tool Seryel

Tool

/applications
/metrics/endpoints

Instana - —

Figure 4.11: Deployment Diagram for Full Environment

An alternative approach is to host the Ollama service and the tool on different machines (Figure
4.11). This increases the resiliency of the infrastructure at a material cost. Also, because

communication now must occur over a network, this introduces a source of failure.

Taking into account the various trade-offs, from a design perspective, it would be efficient to
host the service and the tool on the same machine. However, this tool must be designed such

that it can support both of these deployment models.

A limitation of utilising Instana is that running the tool, service, backend, and agent on the
same machine, while possible, is not recommended. This is because the Ollama service could

interfere with the proper functioning of the Instana agent.

4.10 Summary

To summarise, this chapter has explored a high-level overview of the tool’s design and the

components that comprise it.

There has also been a discussion on the design decisions made for each component and how

they satisfy the requirements outlined in the previous chapter.
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Chapter 5

Implementation

5.1 Introduction

This chapter aims to extend the work of the previous design chapter by providing concrete

implementation details. This chapter is subdivided into five sections:

e Development approach

e Hardware, software and external libraries

e Component-wise implementation

e Further enhancements, challenges and limitations

o Testing

5.2 Development Approach

Developing tools of this calibre greatly benefits from a compatible development strategy. This
implementation adopts a feature-driven development (FDD) approach. This approach builds on
the agile methodology and seeks to dissect projects based on the features that need implement-
ing [48]. Addressing features in this systematic way incentivises modularity and reduces feature
creep. To this end, this system is implemented in a piecewise approach that complements the

pipeline described in the previous chapter.
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Java file Java file file through import Python file Python file file through import
it statements
Fuzzy match Apply BFS through Import all Fuzzy match Apply BFS through Import all
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methods method Import all methods method import
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decorated import decorated
and plain statements and plain
methods - methods

Figure 5.1: Break Down of Parser Components

Owing to the complexities involved in engineering solutions for each feature, there is a critical
need to break down the components further. A top-down divide-and-conquer approach is
employed to dissect tasks into their constituent subtasks. An example of this workflow is

illustrated above.

Features are deconstructed recursively into subtasks, and solutions are built up from the tasks
in the leaf nodes. A significant advantage of this semi-structured approach is the naturally
high cohesion in the artefact being produced. Since this approach offers a bird’s eye view of

the tasks, it is instrumental in promoting the development of reusable code.

Figure [5.T]illustrates how the Parser component is broken down into its subtasks: locating end-
points, retrieving methods, tracing method calls and extending file methods through imports.
There are numerous methods that carry out the same functionality across the Java and Python
implementations, with the only differentiation being in the file imports (represented by the grey

nodes).
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between Import all files
decorated referenced
and plain through import
methods statements

Figure 5.2: Simplified Break Down of Parser Components

By evaluating Figure Figure[5.2] can be derived. It is undeniable that a top-down approach
offers a clear opportunity to uncover repeated code. The resulting simplification almost halves

the development time.

5.3 Hardware

This section provides an overview of the hardware used in developing the tool and training the

deep-learning classifier (Table Table .
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5.3.1 Tool Development

Hardware Usage Hardware Specification
Artefact development and testing Apple MacBook Pro M2 (2023)
16 GB RAM

macOS Sequoia

Hosting Ollama server vast.ai (cloud GPU)
A100 SXM4 80 GB RAM
AMD EPYC 7532
150 GB disk space
Nvidia CUDA + CuDNN Development base image
Ubuntu 22.04

Hosting web server test bed and In- AWS EC2
t2.medium
30 GiB disk space

Amazon Linux 2

stana agent

Table 5.1: Hardware Usage and Specifications

5.3.2 Classifier Fine-Tuning

Hardware Usage Hardware Specification
Preprocessing training data Paperspace Compute C9
24 CPU
129 GB RAM

150 GB disk space
Ubuntu 22.04

Fine-tuning deep-learning model Vast.ai (cloud GPU)
A100 SXM4 80 GB VRAM GPU
AMD EPYC 7532
150 GB disk space
Nvidia CUDA 4 CuDNN Development base image
Ubuntu 22.04

Paperspace H100 (Hopper)
16 CPU

268 GB RAM

150 GB disk space
ML-in-a-Box base image
Ubuntu 22.04

Table 5.2: Hardware used for preprocessing and fine-tuning

5.4 Software

This section provides an overview of the software used in developing the tool (5.3).
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Software Usage Software Tool

Integrated development environ- Visual Studio Code

ment (IDE) Version 1.99.0

Container engine for test bed, Docker

Ollama and Instana agent

Application Performance Moni- IBM Instana

toring (APM)

Implementing source code Python 3.13

Dependency management Poetry

Table 5.3: Software Tools used Across Development and Deployment Stages

5.4.1 Libraries

A number of Python libraries are adopted for the development of this tool. The following is a

brief description of each and their usage.

Prefect

Prefect is a framework for managing and tracking workflows [47]. The pipes and filters design
pattern mimics a linear workflow, and this tool enables users to view the progress of flows

through an intuitive dashboard.

Typer

Typer is a library that serves to streamline the creation of command-line tools [51].

RapidFuzz

RapidFuzz is a utility that performs approximate string matching [5]. This paper adopts this
tool to match Instana’s labels for slow endpoints with the decorator labels used in the source
code. This utility is also employed to facilitate user convenience. By fuzzy matching on the

repository names, users are not required to provide exact names.
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PyGitHub

PyGitHub is a wrapper around the GitHub API [57]. This utility is employed to streamline

the extraction and insertion of source code.

Tree-sitter

Tree-Sitter is a tool that produces abstract syntax trees from source code [9]. This is used to
extract methods and evaluate import statements in Java and Python source code files. Another
significant advantage of using tree-sitter is the well-structured query engine. The query engine

provides a robust mechanism to efficiently navigate the generated abstract syntax tree [9].

Hugging Face Transformers

Transformers is a library used to train models and perform inference [68]. It is designed for
ease of use and handles the underlying complexities involved in maximising GPU usage during
training [68]. This paper adopts the transformers library to train the deep-learning classifier

and perform inference.

Pandas

Pandas is a tool built on top of numpy that performs operations on structured data [39]. Pandas

is used to preprocess the IBM CodeNet dataset to produce labelled data for training.
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5.5 Component Implementation

Controller*

+ schedule_service()
+ service()

+ endpoints()

+ fault_line()

+ slow_code()

+ generate_code()

+ push_code()

State

+ibm
+ generator
+ processor
+ classifier

+ delay

+ threshold

+ reset()

Parser

+ queries
+ parser

PythonParser

+ parse_file_methods()

+ parse_method_calls()
+ endpoint()

+ extend._file_methods()

JavaParser

Config

+ PY_LANGUAGE

+ JAVA_LANGUAGE

+ extend_file_methods()

+ extend_file_methods()

+ tenant

+ unit

+ api

+label

+ github

+ repository_name
+ repository_branch
+model

+ model_path

+ PATH

‘YAMLLoader Generator Instana Classifier Processor
+ model + tenant + TOKEN_MAX + access_token
+url +unit + MODEL_NAME + repository_name
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+ label _call_
: %“’i—n':':rft's " # replace() + delay +—getitem_()
# write_contents() #send() +url + update_file()
Horte + generate() + BASE —
+get.abs.pathi) + describe()
+ volidate) + validate() + get_endpoints()
+ _bool_{) + filter_endpoints()
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|
i
i
i
|
i
i
|
i
Prompt Conn
+ PATH
+ validate() +get_req()
+ post_req()
# construct_path()

+ store_datal()
+ validate()

Figure 5.3: UML Class Diagram of the Tool

Figure [5.3| seeks to highlight the relationship between the different components using a UML

class diagram. The ‘State’ class has a composite relationship with each principal component.

It is mutated by the ‘Controller’ class. The diagram does not include the ‘MethodNode’ and

‘FileNode’ classes for brevity. These utility classes are used by the ‘Parser’, ‘Generator’, ‘Proces-

sor’ and ‘Classifier’. Another example of reusable components is the ‘Conn’ and ‘YAMLLoader’

classes. These provide the necessary infrastructure to make requests and store configuration

files, respectively.

This UML class diagram demonstrates the concrete benefits of using the feature-driven devel-

opment methodology in tandem with the divide-and-conquer strategy.

It would be useful at this stage to consider the file structure. Figure shows an extract of

the file system. The tests folder has been collapsed for brevity.
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— LICENSE
— poetry. lock
— pyproject.toml

— README.md
— src
L— aioptim
— cli
L— main.py
— config
— config.yml
L— prompt.yml
l— services

classifier.py
controller.py
generator.py
instana.py
parser.py
processor.py
s

config.py
info.py
node.py
request.py
state.py

-
a[TTTTT

[TTTT

— tests

— ...

Figure 5.4: File Structure of the Tool

The pipeline components are stored under the ‘services’ folder, whereas standard utilities are
stored under the ‘utils’ folder. The decision to structure folders in this manner was motivated
by the need to offer a modular adaptive approach for developers seeking to extend this tool. A
by-product of modularisation is the separation of concerns, which reduces the coupling between

components.

5.5.1 Controller

As mentioned in the previous chapter, the implementation revolves around the pipes and filters
design pattern. The controller provides the plumbing between the filters, and a shared mutable

state object flows through each stage. Further stages can be added by amending the list of

filters .

35



Algorithm 1 Scheduled Service
filters + [endpoints, fault_line, slow_code, generate_code, push_code]

state ¢ initialised State
for all filter in filters do
filter(state)

end for

5.5.2 Instana

Prior to running the tool, it is assumed that IBM Instana has been configured with an appli-

cation perspective.

Slow endpoints are fetched from the Instana backend using the curl command illustrated in
Figure [5.5
Consequently, the response is filtered to expose endpoints that exceed the user-specified latency
thresholds.

curl =i =X POST \
'https://unit-tenant.instana.io/api/application-monitoring/metrics/endpoints?fillTimeSeries=true' \
-H 'Content-Type: application/json' \
-H 'authorization: apiToken xxx' \
-d '{
"applicationBoundaryScope": "ALL",
"excludeSynthetic": true,
"entityType": "HTTP",
"metrics": [
{
"aggregation": "MEAN",
"metric": "latency"
}

]I
"order": {
"by": "latency.mean",
"direction": "DESC"
}r
"timeFrame": {
"to": 1744523350860,
"windowSize": 120000

Figure 5.5: Instana Endpoint Metrics Request
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5.5.3 Fault-Line Generator

This component operates as a lightweight parser. It is important to stress that the purpose of
this component is to retrieve a complete list of methods that are part of a method trace. To

statically extract these methods, the following steps are taken:

1. For each identified slow endpoint, a list of files using the same programming language is

pulled from the GitHub repository.

2. For each file that uses the same language, methods are extracted using a tree-sitter query

and stored in the file’s hashmap.

3. Import statements in each file are evaluated, and the methods in the imported files are

merged with those of the importing file.

4. The method block corresponding to the slow endpoint’s label is located through a linear

search employing fuzzy matching.

5. To obtain the method trace from this method block, a breadth-first search (BFS) is

employed, as illustrated in Algorithm

Algorithm 2 Method Trace BFS
fault_line < empty set

queue < [endpoint_method]
while length(queue) > 0 do
node < dequeue(queue)
fault_line < fault_line + [node]
methods < extract methods using tree-sitter
for all method in methods do
if method in file and method ¢ fault_line then
enqueue (queue, method)
end if
end for

end while
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5.5.4 Classifier

The classifier is trained using labelled Java, Python and JavaScript code samples. The labels
for these code samples are derived from the runtime lookup table. This lookup table is derived
from the CodeNet metadata. The metadata describes the CPU runtime (milliseconds) for code

samples, as Table [5.4] illustrates.

Submission ID Problem ID Language Status CPU (ms) Memory (KB) Code Size (B)
5056752305 p03929 Python Accepted 27 9020 336
5079240305 p03929 Python Runtime Error 24 8916 334
$998680993 p03929 Java Accepted 85 32896 3419
s644811775 p03929 JavaScript  Accepted 71 30108 2478
s670542745 p03929 Python Accepted 27 9096 343

Table 5.4: CodeNet Metadata

This data is transformed and cleaned into a lookup table using the pandas library. The lookup
table groups code samples by the problem they are solving and the language of the implemented
solution. The runtime of the code samples within each group is then split into 19 quantiles
ranging from 0.05 to 0.95 inclusive. These quantiles indicate the range of runtimes needed for
code solutions to be marked as ‘fast’ or ‘slow’. For example, code samples with a runtime that

falls below the 0.1 quantile group would be marked as ‘fast’. Table depicts an excerpt of

this data.
Problem ID Language 0.05 0.1 0.9 0.95
p01916 Java 41.5 43.0 67.0 68.5
p01916 Python 20.0 20.0 30.0 30.0
p03867 Java 110.2 1154 256.6 264.5
p03867 Python 108.6  121.2 459.0 792.0
p01080 Java 453.5 487.0 1023.0 1056.5

Table 5.5: CPU Time Percentiles

After creating a lookup table, the runtime of each code sample can be evaluated. A caveat to
evaluating code samples in such a manner is that samples with runtimes that lie within central
quantiles could be subject to measurement inaccuracies, as described in the design chapter. To
this end, this paper adopts an approach that utilises the two extremes of the quantile data to

label code samples. Two experiments are presented to select the bounds for those extremes.

Experiment A Using 0.25 as a lower quantile bound and 0.75 as the upper quantile bound

resulted in an unbalanced dataset of 303268 ‘fast’ code samples and 512036 ‘slow’ code samples.
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Experiment B To capture more ‘fast’ code samples, the experiment was repeated with 0.4
as a lower quantile bound and 0.75 as the upper quantile bound. This resulted in a balanced

dataset of 503025 ‘fast’ code samples and 512036 ‘slow’ code samples.

This approach uses bounds close to central quantiles, however a more balanced dataset would
make for more effective training. Table[5.6/shows an extract of the resulting labelled data, with

the label ‘0’ marking fast code samples and the label ‘1’ marking slow samples.

Problem ID Language Submission ID Label

p03668 Python $190135922 0
p03668 Python s459255807 1
p03654 Python $231407463 0
p03654 Python $124832613 1
p03668 Java $697947092 1
p03668 Java 5201931451 1
p03668 Java s445076481 1
p03668 Java 5012948885 0
p03668 Java s570167340 0
p03668 Java $389976734 1
p03668 Java s746455707 0
p03668 Java $662099250 1
p03668 Java s406645243 0
p03668 Java $699116788 0
p02238 JavaScript  s310070390 0
p02238 JavaScript 408802505 1
p02238 JavaScript 063621544 1

Table 5.6: Labelled Submission Training Data

Training

Training the BERT model is then conducted using cloud GPU providers, namely Paperspace
and Vast.ai. The following parameters were used:

o Learning rate: 2e-5

e Epochs: 3.0

e Batch size: 64

o Shuffled dataset split: 80% training and 20% evaluation.

e Optimiser: AdamW
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Inference

Hugging Face provides a pipeline utility to perform model inference. This streamlines the
process of using fine-tuned models for classification. Accurate inference results are conditional
on the input sequence adhering to the model’s token limits. GraphCodeBERT-base has a token
limit of 512.

Therefore, in the implementation of this tool, code that exceeds the model’s token limits is
broken down into segments and passed through the pipeline separately. The final classification

is based on the mode of the segment classifications.

5.5.5 Code Generator

This section will describe the implementation of the code generation component. The code
generation component operates on preloaded models served on Ollama. This offers a flexible

strategy for users to switch models as they become more effective.

To make use of Ollama, this tool first queries the available models using the curl command

below illustrated in Listing[5.1

Listing 5.1: Ollama Model Retrieval

curl http://localhost:11434/api/tags

If the user-specified model is found on the Ollama server, code generation requests are made
to replace the identified slow methods. Figure |5.6| presents the curl command to generate more

performant code.

The prompt is constructed using a base prompt and dynamic data that replaces distinct keys in

the base prompt. As discussed in the background, the base prompt is formed using engineering

curl http://ollama-server-ip:11434/api/generate -d '{
"model": "user-provided-model",
"prompt": "You are an expert at software engineering...",
"stream": false

}l

Figure 5.6: Ollama Generation Request
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techniques such as ‘information retrieval’ and ‘context amplification’ [46].

Conversely, an example of dynamic data includes code blocks and method signatures. This
dynamic data is merged with a static base prompt through the mechanism of templating. Tem-
plating seeks to replace placeholder information with dynamic data. To differentiate placeholder
information and text that belongs to the base prompt, boundary characters are employed. List-

ing demonstrates that this tool employs the dollar symbol as the boundary character.

Listing 5.2: Prompt Structure

Prompt: Rewrite the code...Code Snippet: $CODES$

Turning to the model’s response, it is critical to ensure that the generated code is semantically
the same as the code it will replace. Thus, the generated code undergoes validation. A slight
modification of the CodeJudge framework is adopted to perform this validation. In a broad
sense, this framework queries a model to assert that code meets some predefined requirements.
In order to function effectively, requirements must be derived from the original piece of code.
To facilitate this step, an additional prompt slots between the CodeJudge framework and the

code generation phase.

This strategy is combined using a prompt chaining technique to repeatedly generate code until
it conforms to the specification or a set number of tries have passed. These conditions exist to
balance the quality of the responses against the costs associated with running GPUs. Manual
evaluation suggests that three tries are often enough to generate high-quality code in most cases.
It is impossible to provide an exact number of tries that would always result in a high-quality
response because of the non-determinism involved with generating responses. Once validation

has passed, the original code is replaced by the generated code and pushed onto GitHub.

5.6 Interface

To conform to the requirements, this tool implements an accessible user interface.

The interface is made accessible through the use of:

o A limited instruction set - setup (Figure & start (Figure
o A guided setup process (Figure [5.10)
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o Colour coded output (Figure

Usage: aioptim setup [OPTIONS]

Sets the parameters for the AI Optimiser tool.

--help Show this message and exit.

~tenant TEXT IBM tenant from https://unit-tenant.instana.io
-unit TEXT 1IBM unit from https://unit-tenant.instana.io

-api TEXT IBM user API Key

~label TEXT IBM label associated with applications perspective

-pat TEXT GitHub PAT with repository read/write permissions
-repo TEXT The name of the repository with read/write permissions
~branch TEXT The name of the deployment branch

-model TEXT The Ollama model to use when generating code
-ollama TEXT The API path for the Ollama model [PATH]: [PORT]

Figure 5.7: Setup Command Options

Usage: aioptim start [OPTIONS] [THRESHOLD] [DELAY]

Checks the setup parameters and starts the service.

threshold THRESHOLD] The maximum endpoint threshold in millisecond
delay DELAY How often (minutes) to run the Instana service

--help Show this message and exit.

Figure 5.8: Start Command Options

- Beginning flow run for flow 'entry-point’
'get-slow-endpoints-alc' - 500
'get-slow-endpoints-alc' - Finished in state
'get-fault-line-58e' - Finished in state
'get-slow-code-71b' - Finished in state
‘generate-code-2le' - Finished in state
'push-code-1e9' - Finished in state
- Finished in state

Figure 5.9: Command Line Interface

from https://unit-TENANT.instana.io: example-TENANT
from https:// [-tenant.instana.io: example-UNIT
'T key: example-API
the 1a for the applications perspective: example-LABEL
valid AT with read/write permissions: example-PAT

the re with read/write permissions: example-REPOSITORY
the name of the de [ [main] : example-BRANCH
the to use to generate code [codellama]: example-MODEL

[http://localhost:11434]: http://example-PATH:11434

the URL

Figure 5.10: Prompted Setup Process
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Additionally, this tool incorporates the Prefect framework. The benefits of this approach are:

e An intuitive dashboard to monitor the execution of this tool

e Access to historical records

5.7 Further Enhancements

Several enhancements have been made to improve the robustness of this tool.

One such example is the adoption of fault tolerance mechanisms. Each component raises and

catches exceptions, providing users with material information to remedy errors.

Additionally, the Typer library has been employed to provide a prompt-based user interface.

This feature removes the need to input one lengthy command to set up the tool.

Object-oriented programming principles such as abstraction and inheritance have been em-
ployed to ensure the code is extensible. The YAMLLoader class in Figure [5.3]illustrates these

principles in practice.

Fuzzy matching is used to match user-provided repository names and Instana labels. This

ensures programs do not fail due to slight mismatches in the expected string format.

5.8 Challenges and Solutions

When implementing the classifier, code that exceeds the model’s max token length is split into
segments. More specifically, the code is encoded and split into segments of 512 tokens, and
each segment is decoded back into code. When these decoded segments are sent to a model
using the Hugging Face pipeline library, the pipeline encodes the input again before passing it
through the model. Occasionally, the pipeline encodes the segment to more than 512 tokens,
resulting in a message warning about the inaccuracy of the model output. This is an interesting
issue that highlights the imperfect encoding and decoding process. The code is split into 450

tokens instead of 512 to limit further warnings.

Another challenging aspect is transferring the Project CodeNet dataset to the cloud GPU

systems to train the classifier. Because of the many files in the dataset, the number of available
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inodes in the cloud server is exhausted immediately. Inodes are files that store metadata about
files on a filesystem. Exhaustion of inodes means that further files cannot be transferred even if
disk space is available. To support the dataset, this paper employs the solution of reformatting

the drives to support a greater number of inodes.

5.9 Limitations

While the deep learning model is fine-tuned on Python, Java and JavaScript, the parser is
limited to optimising Java and Python source code. This is because the flexibility of JavaScript’s
syntax [4] means that the tree-sitter query has to account for a number of ways to match function
declarations. In turn, this makes it unwieldy to include for the purposes of this dissertation.
To support further development, the parser class is devised with the open/closed principle in

mind.

5.10 Testing

Testing is a fundamental aspect of software development. It is the process of ensuring that

source code is functional and meets the stakeholders’ requirements.
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L— test_main.py
config

L— test_config.yml
services
test_classifier.py
test_controller.py
test_generator.py
test_instana.py
test_parser.py
test_processor.py

I
[TTTTT

=
+
[
—
(9]

test_config.py
test_info.py
test_node.py
test_request.py
test_state.py

[TTTT

Figure 5.11: File Structure for Tests

File statements missing excluded coverage
srcfaioptim/__init__.py 0 0 0 100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

src/aioptim/cli/__init__.py 0
src/aioptim/cli/main.py 19
src/aioptim/services/__init__.py 0
src/aioptim/services/classifier.py 32
src/aioptim/services/controller.py 66
src/aioptim/services/generator.py 32
src/aioptim/services/instana.py PE
src/aioptim/services/parser.py 82
src/aioptim/services/processor.py 40
src/aioptim/utils/__init__.py 0
src/aioptim/utils/config.py 93
src/aioptim/utils/info.py 21
src/aioptim/utils/node.py 29
src/aioptim/utils/request.py 15

S O O ® A O O W O O 0O O O NS

src/aioptim/utils/state.py 17
Total

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

[
~

Figure 5.12: Code Coverage Results
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There are several different types of testing frameworks, such as unit testing, integration testing,
and performance testing. Owing to the structure of our tool, this paper adopts the unit testing
strategy. A popular Python framework for unit testing is Pytest. This framework simplifies the
process by providing fixtures and support for plugins. In addition, we use the built-in unittest

library.

As demonstrated in Figure tests are separated into a file structure that mimics the organ-
isation of the source code. A total of 79 unit tests are implemented. They provide 100% code

coverage, as illustrated in Figure [5.12
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Chapter 6

Legal, Social, Ethical and

Professional Issues

This chapter reviews the various concerns and demonstrates how the development of this tool
adhered to best practices. The principles outlined here were paramount to the design and

development of this tool.

A significant advantage of adhering to these guidelines is the simplification of the design pro-
cess. For example, by adopting an accessibility-centred approach, we decided to reduce the
parameters involved in setting up. A by-product of this design choice was that the tool became

simpler for everyone.

6.1 Legal Issues

Legal frameworks provide scaffolding for the design and implementation of new tools, protecting

developers, consumers, and intellectual property holders.

The third-party libraries described in the implementation chapter are open-source and permis-
sive. Furthermore, source code snippets are fairly attributed. The CodeNet dataset is released
under the CDLA Permissive 2.0 license. In other words, this license does not impose limits
on the artefacts derived from this dataset [35]. To this end, this undertaking adhered to the

Copyright, Designs and Patents Act 1988 [65].
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Lastly, this tool does not collect any personal data, as defined by Article 4 of the General Data
Protection Regulation (GDPR) [17].

6.2 FEthical & Social Considerations

Design decisions were based on accessibility to enable all users to use this tool productively.
These decisions include supplementing the command line interface with a graphical web inter-
face to empower users with accessibility needs. When designing this tool, there was a concern
with the ever-increasing number of parameters to set the tool up. To limit cognitive overload,

a prompt based mechanism was employed.

As this tool has read/write access to repositories, safeguards have been implemented to elimi-
nate any harm to digital property. These include but are not limited to, retry mechanisms to
obtain functional code and restrictions on pushing code into the main or deployment branch.
These mechanisms were inspired by the OECD Al principles [44]. These principles prescribe
the actions necessary for Al tools to integrate with the modern world in a transparent and fair

manner [44].

There is growing apprehension that artificial intelligence will replace the IT workforce. It is
understandable to be concerned about the many use cases for this tool and related technologies.
However, this tool has been designed to augment the capabilities of developers rather than re-
place them. Developers are given control over the parameters that drive the tool’s optimisation

decisions. This is in line with the OECD AI Principles about transparency [44].

Lastly, when fine-tuning models, it is imperative to consider the carbon footprint of the training
process. To limit our carbon footprint, preprocessing was employed to label the data before

being passed to the cloud GPUs.

6.3 Professional Issues

BCS, The Chartered Institute for IT, outlines a code of conduct to set the standards expected

of IT professionals [7].

This undertaking:
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o Respected the rights of the public
e Conducted due diligence to prevent the utilisation of proprietary code
e Ensured the approach to development was accessibility friendly
e Made justifiable claims with evidence
o FExecuted actions based on informed decisions.
Additionally, models developed in this project are made available to the public through a

permissive Apache 2.0 license. As of April 2025, the main model has over 1000 downloads last

month. [1]

Licences

o Prefect Licence: https://github.com/PrefectHQ/prefect/blob/main/LICENSE

e Typer Licence: https://github.com/fastapi/typer/blob/master/LICENSE

o RapidFuzz Licence: https://github.com/rapidfuzz/RapidFuzz/blob/main/LICENSE

e« PyGitHub Licence: https://github.com/PyGithub/PyGithub/blob/main/COPYING

o Tree-sitter Licence: https://github.com/tree-sitter/tree-sitter/blob/master/LICENSE

e Transformers Licence: https://github.com/huggingface/transformers/blob/main/LICENSE

e Pandas Licence: https://github.com/pandas-dev/pandas/blob/main/LICENSE

THugging Face Model
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Chapter 7

Evaluation

7.1 Introduction

This chapter aims to assess the effectiveness of the implemented pipeline through a quantitative
and qualitative lens. This evaluation discusses how the core components of this pipeline each

contribute to and undermine the process of optimising code.

This chapter

e compares three deep learning models in the task of code classification
e compares three generative Al models in the task of code improvement
e conducts an ablation study on Instana and the deep learning models
This evaluation ties in with the objectives of this dissertation, which are to demonstrate how

analysis tools can be augmented with Al to identify and resolve performance bottlenecks.

7.2 Classifier Evaluation

A few experiments were crafted to demonstrate the effectiveness of deep learning in code per-

formance classification.

These experiments compared different model configurations and the impact of these configura-
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tions on the model’s accuracy, precision, recall and F1 score [26]. The parameters described in
the implementation chapter were used to train all three models. The independent variables of

this experiment were the models and their training sets.

The implementation chapter placed emphasis on the GraphCodeBERT model’s ability to com-

prehend the structure of code [20]. In these experiments, that hypothesis is tested.

The datasets used to train the models in this experiment also come from the previous experi-

ments in the implementation chapter.

This experiment compares:

e GraphCodeBERT-base with a balanced training set from experiment B
¢ GraphCodeBERT-base with an unbalanced training set from experiment A

e CodeBERT-base with the balanced training set from experiment B

After training, an unseen section of the original dataset was used to evaluate the performance

of these models. This dataset consisted of code samples in Java, Python and JavaScript.

Table 7.1: Classifier Performance

Model Accuracy Precision Recall F1 Score
GraphCodeBERT (Unbalanced) 0.850 0.791 0.808 0.800
GraphCodeBERT (Balanced) 0.820 0.853 0.776 0.813
CodeBERT (Balanced) 0.801 0.836 0.753 0.792

Table [7.1] shows the results of these experiments. Before evaluating the data, it is imperative
to understand the most important metric for the purposes of this evaluation. Deep learning
models were employed to filter out inefficient code from a set of methods. Therefore, the models
are expected to be precise. It is also paramount that the models do not overlook a code sample
since that code sample could be at the epicentre of performance degradation. To this end, the
F1 score presents the best balance [26]. Upon reviewing the F1 scores, it is no surprise that
the GraphCodeBERT-base model with the balanced training dataset outperformed the other

models. In this case, the hypothesis holds.

Initially, these results were quite promising, and they provided concrete evidence of meeting

the SNFRI1 requirement.

Looking at the dataset used to train the models, it consisted of a variety of different sized code

o1



samples. This motivated the next experiment, which tested the classifiers’ ability to handle

lengthy code samples.

The APPS dataset was selected for its higher average complexity of code tasks [24]. Five
hundred of these code tasks were chosen at random and provided to a GPT-40 model. The
model generated two types of Python code solutions for each task. One solution made effective
use of data structures and algorithms, and the other misused them. A sample of these solutions

was verified manually.

These 500 rows of data were fed to the three classifiers to gauge their performance when it
came to lengthy code samples. The code samples exceeded the tokeniser’s max lengths, which

meant that the classifier segmented the code and took the mode of its segment classifications.

Table 7.2: Python Classifier Performance

Model Accuracy Precision Recall F1 Score
GraphCodeBERT (Unbalanced) 0.563 0.551 0.676 0.607
GraphCodeBERT (Balanced) 0.537 0.536 0.552 0.544
CodeBERT (Balanced) 0.535 0.542 0.45 0.542

Table [7.2]shows that the deep learning models performed poorly in classifying longer-form code
content. This highlights a stark correlation between the length of code input and the accuracy

of the model’s output.

Table 7.3: Java Classifier Performance

Model Accuracy Precision Recall F1 Score
GraphCodeBERT (Unbalanced) 0.571 0.570 0.576 0.573
GraphCodeBERT (Balanced) 0.537 0.536 0.552 0.544
CodeBERT (Balanced) 0.522 0.530 0.388 0.448

To ensure this was not a language-specific issue, a new dataset of Java code solutions was
created using the same approach, and this experiment was repeated. Table illustrates the

same issues. This approach does not work optimally for lengthy code blocks.

When attempting to find some reasons for this behaviour, an interesting pattern was encoun-
tered. Models tend to react negatively to key terms such as ’sort’. Perhaps this is a result of
using a training set from competitive coding contests [49], where sort functions are not often

used.
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7.3 Generative AI Model Evaluation

This chapter aims to demonstrate generative Al’s effectiveness in making code more performant.

As part of the evaluation, three models were taken into consideration:

e Qwen2.5 coder:32b-instruct
¢ CodeLlama:34b-instruct

o Opencoder:8b-instruct

These models were chosen for their availability through Ollama and pass@1 [11] score based on

the Eval Plus benchmark [36].

In the task of generating replacement code, this paper expected these models to develop high-
quality, efficient code. The resulting code was also expected to be semantically similar to the

input.

The datasets from the previous experiment were reused to experiment with these models. These
datasets included 500 fast and slow code implementations in Python and 500 in Java. For this

experiment, the fast code implementations were ignored.

In this experiment, each model was run from the same host machine with the same prompt
and input. The model was asked to generate efficient code that could replace the slow code
given to it. This meant the generated code should have been semantically similar to the code

it replaced.

The generated code is then sent off to a GPT-40 model for comparison. The GPT-40 model
is prompted to verify the syntactic functionality, semantic similarity and performance of the
generated code. If the code implementation meets the requirements, a positive signal will be
sent back. A sample of results were evaluated to ensure that GPT-40 was behaving as expected.

These experiments measured the number of positive signals for Python and Java code for each

Table 7.4: Optimised Code Generation Success Rate

Model Python (%) Java (%)
CodeLLaMA 34B 19.2 16.2
OpenCoder 8B 43.6 48.0
QwenCoder 32B 72.4 73.8

53



model. As per Table qwen-coder outperforms all the models. This demonstrates that there

can exist Al agents, which reliably generate performant code.

For the purposes of performance engineering, it is not enough to consider a model’s pass@k
alone. Another consideration to make was the inference time. This study found that opencoder
has the fastest inference times of all three models. This could be important for time-sensitive

issues.

Another reflection is that a model’s parameter count does not necessarily mean it is more
effective. Opencoder, with a parameter count of 8b, outperformed CodeLlama, which had a

parameter count of 34b.

Since the budget was a limiting factor, further fine-grained details could not be provided.

7.4 Ablation Study

The following is a qualitative study considering the ablation of the Instana component and the

deep learning classifier.

7.4.1 Instana

Instana contributes to the system by flagging the endpoint experiencing severe performance
degradation. This greatly simplifies the parser’s work, as it only needs to construct a method
trace from that endpoint. To simplify, Instana significantly reduces the search space of end-

points.

By removing Instana, the system is forced to use slow static analysis techniques [32] to parse
the entire source code. This means more method nodes will end up in the classification queue.
A greater number of nodes in the classification queue means a greater chance of false positives,

which in turn means a greater likelihood of unnecessary code changes by the generative Al step.

7.4.2 Deep Learning Classifier

The deep learning model filters a list of methods in a trace to pinpoint the possible slow code.

By removing the classifier, there is no longer a filter on the outputs of the parser stage. All
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the methods detected in a method trace would be sent to the generative Al stages. This also

dramatically increases the likelihood of optimising code that is already optimised.

7.5 Reflection

This system has demonstrated to be quite capable of locating performance bottlenecks and

automating the resolution process.

During informal testing, the tool was able to detect inefficient code nested quite deep into the
test application. In some interesting cases, it improved the functionality of the program in
unexpected places. This was quite surprising as it recognised the test application would benefit

from certain efficiency measures.

This system could considerably benefit from:

e further training of the classifiers on lengthy code samples
« additional language support (e.g. JavaScript, Go )

e robust mechanisms to prevent occasional empty pushes to the repository
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Chapter 8

Conclusion and Future Work

This dissertation explored how dynamic and static analysis tools can harness artificial intelli-

gence to identify and resolve performance bottlenecks automatically.

Generative artificial intelligence is a well-suited approach to generating performant and func-
tional code. This is conditional to the model selected for generation. A model’s suitability
should not be based on its parameter count. This was a key finding as opencoder (8b) outper-

formed CodeLlama (34b) in generating performant and functional code.

Binary classification via deep learning is a satisfactory approach to separating code samples
based on their performance. This approach is limited to code samples that fit in the tokeniser’s
max length. Segmenting code samples and performing binary classification across those seg-

ments yields slightly better results than guessing.

A hybrid approach to static and dynamic code analysis provides the best of both worlds in

terms of speed and accuracy of analysis.

Currently, the tool supports Java and Python frameworks. The parser framework has been
designed with extensibility in mind. This would enable developers to add language support to

this tool without breaking the pipeline’s functionality.

It would be interesting to compare this tool with one that uses only generative artificial intel-
ligence to classify code samples. The CodeJudge framework [64] could be modified to check if

certain method blocks contain inefficient code.

Lastly, this tool can form part of a plugin used to evaluate the health of a running application
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regularly. This can provide a constant feedback loop to developers, ensuring that their code

adheres to the highest programming standards.
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Chapter 9

Extra Information

9.1 Code with Performance Bottlenecks

Algorithm 3 Dynamic Allocation [58]

for i <1 to 10 do
x < newObj()
x.per formAction()

end for

Algorithm 4 The One-Lane Bridge [11 58]

procedure SHARED PROCEDURE(a)
lock.lock()
try execute
finally lock.unlock()

end procedure

Algorithm 5 Dead Store [62]

T+ 5

T+ 6

Algorithm 6 Silent Store [62]

mem[4] < 10

mem[4] < 10
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Algorithm 7 Silent Load [62]

Require: mem|[0] + 5
Require: mem[l] < 5
x < mem|0]

x + mem|l]

Algorithm 8 Resultless loop [60]

for i + 1 to 10 do nothing

end for

Algorithm 9 Redundant loop [60]

for i + 1 to 10 do
r+5+5

end for
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Chapter 10

User Guide

10.1 AIOPTIM

Artificial intelligence optimiser (AIOPTIM) is a backend performance optimisation tool. This
tool uses static analysis, dynamic analysis, and deep learning to identify endpoints experiencing
performance degradation. Subsequently, this tool uses generative artificial intelligence to offer
resolutions for the identified endpoints. These changes are pushed back to the repository in a

separate branch.

This tool relies on several components, such as IBM’s Instana application monitoring tool, an
Ollama server and a web server. Below is a guide describing how to run this tool in a macOS

15+ environment. While this tool has been tested on Windows 10+, it is currently unstable.

This tool supports optimising

e Java frameworks such as Spring Boot

e Python frameworks such as Flask and Fast API
This folder contains:

e The tool’s source code

e The deep learning model’s training code
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10.1.1 Hardware

o MacOS (Apple Silicon)
o AWS EC2 (t2.medium, 30GB, Amazon Linux 2)
o Cloud GPU (DigitalOcean, Paperspace and Vast.ai)

10.1.2 Software

e Python 3
o IBM Instana
e GitHub

10.1.3 Preliminary Setup

GitHub

e Fork this repository.
e Create a |GitHub Personal Access Token, granting read and write access to the forked

repository.

AWS EC2

e Create an AL2 EC2 t2.medium instance with 30GB storage space
e SSH into the EC2 instance

e Install and start the Docker Engine

Pull the forked repository

e Change directories into the repository and run

[| docker-compose up -d

e Start the load generation service in the background:
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[] ./load-gen/load-gen.sh

o Retrieve the docker agent command from the ‘Deploy Agent’ part of the Instana dash-
board.

e Inside the EC2 instance, run the docker command to start the Instana agent.

IBM Instana

o Create an [application perspective, ensuring the filter is the host/IP of the running EC2
instance.

o If the application perspective does not update after a few minutes, it may be necessary
to kill the process running on port 42699 of the EC2 instance.

e Create a |personal APT token.

Ollama Server

e Create an Ollama server on a cloud GPU platform.

e Ensure that Ollama is listening on 0.0.0.0, as opposed to the loopback address 127.0.0.1
e Ensure that port 11434 on the server is exposed.

o Pull a model into the Ollama server (preferably qwen2.5-coder:32b)

e Ensure that a local curl request/ can be made to the GPU server.

10.1.4 Using the Tool

In the project’s folder, there is a file ending with the ‘whl’ extension.

Within the same folder:

e Create and source a Python3 environment.

¢ Run the command below to install the tool.

[| pip install aioptim-1.0.0-py3-none-any.whl

Upon installation of the tool, the following commands become available:
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[| aioptim --help aioptim start --help aiotpim setup --help

Setup

To set up the tool, run the following command:

[| aioptim setup

Start

Before starting the tool, on a new terminal window, the following command can be run to start

a localhost visualisation dashboard on port 4200:

[| prefect server start

To start the tool, run this command with parameters for the :

o Threshold: upper bound of acceptable endpoint latency (milliseconds)

e Delay: how often to run the process (minutes)

[| aioptim start <threshold> <delay>"

This begins the process of locating and resolving slow endpoints. After some time the repository

will update with new branches indicating the changes made by the generative models.

10.1.5 Testing

Within the folder, there is a subdirectory titled ‘ToolSource’. This file contains the source code

for the tool. The following instruction can be run within the repository to run unit tests:
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(] pytest
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Chapter 11

Source Code

11.1 Instructions

I verify that I am the sole author of the programs contained in this folder, except where explicitly

stated to the contrary. Lavish Kamal Kumar 18/04/2025
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