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Abstract:

Introduction: This article introduces OptiCode, a complex software tool that uses loop
invariant code mobility and dead code reduction, among other advanced code
optimization techniques, to improve code efficiency and decrease compile time. Using
Loop Invariant Code Motion (LICM) and Abstract Syntax Trees (ASTs) for precise
code analysis, OptiCode efficiently detects and eliminates redundant code, as well as
optimizes loop structures by removing 4.87% of dead code with an efficiency of 5.38.
OptiCode outperforms other apps in comparison, as seen by the considerable compile
time savings and excellent efficiency ratings that it achieves. Objectives: To remove
the unused code and elements affecting the efficacy of the code.

Methods: Source code is passed as an input then the lexer performs the tokenization.
Tokenized words are processed by the parser to assess the syntax of the code.
Customized Abstract Syntax Tree removes the dead code, and the data is passed to
Customized Loop invariant code Motion which optimize the looping structure in the
code. At last, the optimized code is generated.

Results: OptiCode outperformed Taskapp (3.89), Agilla (3.67), and Rfmtoleds (3.45)
with its greatest efficiency rating of 5.38 on a 10-point scale in our comparison research.
The 731 lines of code in the OptiCode codebase include 150 lines of dead code and 57
variables that aren't used

Conclusions: The code is optimized to save space and time. Performance increases as
number of lines increases.
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Abstract Syntax Trees (AST), Code Efficiency, Software Maintainability.

1. Introduction

Code optimization refers to the process of improving the efficiency, performance, and quality of
computer code without altering its functionality or behavior. The objective of code optimization [29]
is to generate code that executes faster, consumes less memory, and possesses characteristics such as
improved readability or maintainability [5]. Some common optimization techniques include dead code
elimination [11,30] and code invariant motion. Dead code elimination targets the identification and
removal of code that remains unused or unreachable during program execution. Traditional methods
of code analysis treat code fragments as written text, potentially overlooking critical structural details
[3,18].

Recent research underscores the importance of leveraging syntax, or code structure, to create more
accurate source code representations compared to approaches reliant solely on tokens or words. This
is where AST-based models come into play. These models merge Abstract Syntax Trees (ASTs) [12]
to capture both the specific lexical intricacies and the overall syntactic structures of code, rendering
them potent tools for code comprehension and analysis [4]. We utilize the Abstract Syntax Tree (AST)
[17,21] approach for dead code elimination and the Loop Invariant Code Motion (LICM) algorithm
for optimizing loop structures. These sophisticated techniques ensure efficient and precise code
optimization, enhancing performance and maintainability.

The fundamental concept behind invariant code motion is to minimize redundant computations within
loops by relocating calculations that remain constant outside the loop. By doing so, the frequency of
these computations decreases, leading to enhanced runtime efficiency. The algorithm employed in
invariant code motion includes the Lazy Code Motion (LCM) Algorithm and the Loop Invariant Code
Motion (LICM) algorithm [14]. The LCM algorithm [6] embodies a cautious approach to code motion,
delaying the relocation of computations outside of loops until necessary. This intentional delay serves
to minimize register pressure, referring to the number of registers utilized by the program during
execution. On the other hand, the LICM algorithm [31] specifically targets loop structures, identifying
computations that yield consistent results across all iterations and moving them outside the loop to
mitigate redundant calculations [16].

While both the Lazy Code Motion (LCM) [14] and Loop Invariant Code Motion (LICM) algorithms
[8] aim to enhance loop efficiency by relocating invariant computations outside of loops, LICM is
generally regarded as superior due to its more aggressive optimization strategy. LICM optimizes loops
proactively, transferring invariant computations as soon as they are identified, potentially leading to
greater performance improvements [15].

Furthermore, case studies like the Systematic Code and Asset Removal Framework (SCARF) [9],
which identifies unused code and data assets, have demonstrated the significant impact of dead code
elimination in industry settings. SCARF has made a substantial difference at Meta. In the past year
alone, it has eliminated petabytes of data across 12.8 million distinct assets and deleted over 104
million lines of code. An illustrative example is "The Error of Our Ways" presentation at the European
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Testing Conference 2017 [7], where it was highlighted how a company incurred losses totaling
hundreds of millions due to dead code that was inadvertently activated.

Currently, there exists a noticeable gap in the market for software applications that seamlessly integrate
both dead code elimination and loop invariant code motion techniques for comprehensive code
optimization. By amalgamating these two potent optimization strategies [1], a novel application could
significantly augment the performance and efficiency of software systems. Integrating dead code
elimination and loop invariant code motion would enable the application to identify and eliminate
redundant or unused code segments while optimizing loop structures to minimize unnecessary
computations. This holistic approach to code optimization would result in faster execution times,
reduced memory usage, and overall improved software performance [29]. So, we developed OptiCode,
an application that eliminates 4.87% of dead code with an efficiency of 5.38 and also decreases the
compile time.

Literature Survey

Jingling et al present a practical region-based partial dead code elimination (PDE) algorithm [22][27]
in their research work which is the ancestor for AST in ORC compiler framework. Arithmetic facts
about PDE opportunities have been provided using 17 SPEC95 and SPECQ0 integer benchmarks [28].

These algorithms meet restrictions when it comes to founded instructions. An order of instruction is
shown as an example; x =a+ b (p), y =x-1(q), x=c +d (r). Classic Partial Dead Code Elimination
(PDE) algorithms cannot determine correctly whether the first assignment (x = a + b) is dead or not
because they disregard the qualifying predicates p, g, and r. The assignment can be partially dead, fully
dead or not dead at all depending on these predicates’ relationship with each other.

The authors achieved performance enhancements by executing three speedups: compress benchmark
was sped up by 3.75%, crafty benchmark — 2.81%, and wolf — 2.53% [22][29]. According to Stephen,
they introduced the VISTA framework [26][30] a novel approach aimed at reducing both stable code
scope and dynamic instruction count in software benchmarks like 164.gzip, 175.vpr, 176.gcc, etc.,
judged to the initial GCC-optimized code [31]. Their findings revealed significant success with
VISTA. Additionally, greater success was observed when implementing a de-optimization step
[32][33] before re-optimization, resulting in an average stable code scope decrease of 3.18% .

Notably, this technique outperformed natural re-optimization in four out of 6 instances, underscoring
the effectiveness of their technique [34][35]. Furthermore, even as compiling for every benchmark for
my part, VISTA constantly introduced decreases [36][37] in each static code length (average of 3.18%)
and dynamic schooling depend (not unusual of three.28%), signifying its robustness and litheness
during one among a type of software software situations. Loop-invariant mutable hundreds or hard
mathematics computations that can't be similarly optimized the use of conventional techniques can
pose worrying situations [38]. Elevated tests in utilization can postpone further improvements in code
performance, making special optimizations tons much less powerful [39]. In this paper [40] Dead
Infiltrator—a device that dynamically identifies every single useless write to reminiscence in each
execution and presents actionable feedback to the programmer—is defined. Their evaluation of the
SPEC CPU2006 standards found out an excessive fraction of dull writes. Specifically, they decided
that the SPEC CPU2006 gcc benchmark exhibited an average of 61% useless writes throughout its
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source inputs. Dead Spy [41][42] effectively identifies the supply lines contributing to such
inefficiencies. When Dead Spy was utilized to research the reference executions of the SPEC CPU2006
benchmarks, it determined that the integer benchmarks had over 20% dead writes, while the floating-
point benchmarks had over 9% useless writes. Sometimes, the SPEC CPU2006 403. Gce benchmark
tested as many as 76% lifeless writes. They observed that heading off vain writes drastically advanced
the running time of gcc, with performance improvements of up to 20-eight for a few inputs and a mean
improvement of 14% [23][43]. Moreover, they have a look at highlighted that employing appropriate
information systems, lightweight abstractions, and progressed cooperation amongst compiler
optimization ranges can significantly improve overall performance. Simple code restructuring to get
rid of useless writes precipitated basic overall performance improvements of 14. 3 %, 15.7%, and 7.2%
on not unusual for gcc, hammer, and bzip, respectively [44][45]. Author [13] makes use of the Inlining
optimization method to remove the operating cost of leaping to and coming back from a
subprogramme, effectively getting rid of the invocation operating expense. By allocating stack frames
for each caller and callee collectively and wiping out the switch of manipulate, inlining saves a huge
quantity of execution time [46][47]. Additionally, it can find out optimization occasions for each caller
and the inline device's body through adjustments like not unusual subexpression removal, dead code
removal, and copy propagation. However, the primary downside of inlining is that it increases code
length, resulting in somewhat large workable documents [13][48].

In this context, the inlining offers a possibility for extreme optimization within the code through dead
code removal, ordinary subexpression removal, and copy transmission. Therefore, all the inlining, not
unusual subexpression elimination, and dead code elimination optimization gorges were supported,
respectively, to have a look at the overall overall performance consequences. Applying all three passes
collectively brought about a 44% boom in runtime [13][49].

As verified within the runtime evaluation, higher runtime typical performance was achieved even as
all 3 passes—Inlining, not unusual subexpression removal (CSE), and dead code elimination (DCE)—
had been enabled at some point of compilation. However, a big boom in bring collective time with the
resource of 772% changed into located in assessment to compilation and no longer the use of a
optimization. Thus, enabling all these optimizations collected seems to be highly priced in terms of
bringing together time [50].

It is apparent that allowing the advanced passes during compilation reduces runtime and increases
compile time [51][52]. Despite the sizable boom in acquire time, the check makes a specialty of the
decrease in runtime, as the runtime is of essential trouble [53]. Therefore, the test overlooks the large
increase in gather time even as measuring common overall performance. Additionally, in view that
assembles time remains static no matter the input length, the results show off higher performance at a
lower priced cost [13]. In this study paper [25], they constructed a system of restraints equal to a
machine of equations, in which a constraint [n] 1>n 2 isrewrittenasn_1=n_1vm_2, with Vv being
the least high bound operative for 6. The true components of those equations are monotonic, making
sure the lifestyles of an exclusive least answer. Opting for the least answer permits for the maximum
dead code to be eliminated.
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The analysis modified into implemented in a prototype system, utilizing the Synthesist Maker. The set
of rules for simplifying the parsing has become written in the Synthesist Maker Scripting Language,
STk, a dialect of Scheme, together with about three hundred traces of code. Other components of the
device facilitated application enhancing, nonterminal display at application factors, grammar creation,
dead code highlighting, and many others., comprising about 5000 lines of SSL, the Synthesist Maker
Specification Language. All grammars for the examples in the paper had been routinely created using
the machine.

The decreased programs always exhibited improved runtime, reduced space utilization, and smaller
code sizes, with speedup often being asymptotic. Intended for instance, vain code elimination enabled
incremental selection type to transition from O(n2) time to O(n) time [25].

The range of dead application points varies depending on this system and the feature of interest. For
libraries like calends, good-sized dead code become identified, at the same time as for takr, nearly all
capabilities aside from the purpose pressure characteristic run-take were concerned with calling every
different. Highlighting facilitated the visualization of resulting stay or lifeless slices. In calends, as an
example, exceptional the slice for date, not year or month, has become necessary [25]. The range of
preliminary productions changed into a form of linear in the size of the given software, at the same
time as the form of resulting productions became about linear in the range of stay software elements.
six in this paper, they’ve implemented cXprop to research embedded and computing tool programs.

When carried out to TinyOS applications, cXprop [27] demonstrates a reduction in code size by using
a median of 9.2% and identifies that 8.2% of the distance allocated to international variables isn't
sensible.

CXprop can execute three top notch software program variations. The first involves replacing constants
and doing away with dead code. In the second one transformation, statements are introduced to abort
execution if "lifeless" code is completed or if a variable incorporates a price outdoor of its analyzed
abstract cost. For instance, if a variable has been decided to have the ¢ programming language rate
[2::15] at an application component, cXprop may insert the subsequent code:

assert (z >=2 && z <=15)

CXprop leverages its price-set area and atomicity-conscious concurrence model to take away dead
code in wonderful TinyOS programs, resulting in an average code phase reduction of 9.2%.

While nesC already removes dead capabilities and gcc performs intraprocedural dead-code
elimination, gcc's permit is substantially effective due to aggressive inlining in TinyOS applications
[27], which gets rid of approximately of static characteristic calls in lots of packages. However, cXprop
provides cost through outstanding prospects for intraprocedural evaluation. Additionally, minor code
changes completed by way of CIL, which include the advent of temporary variables, preclude efforts
with the aid of manner of growing the size of the generated code by numerous percentages. To counter
this, severa peephole optimizations were applied in CIL to reverse those adjustments while CIL quite-
prints a C file. In this research paper, they used the COFFEE [24] compiler for optimization, resulting
in an extensive standard acceleration and a model that is now controlled with the useful resource of
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clear-up time. It is thrilling to be conscious that comprehensive loop-invariant code motion come to be
mainly

invasive in this situation, with 23 temporaries created and numerous terminations found [24] .

From above formula, a most performance increase of 1.47x over the non-optimized regional
compilation source code became observed, received inside the case (f = 2, p = 2). This expression
represents the numerical evaluation of a vital at n1 factors in the mesh element K, computing the local
element matrix A. Functions o, 3, and y are trouble-particular and can be intricately complicated,
regarding, as an example, the evaluation of derivatives. LICM [20] and expression separation comply
with this principle, so they can be readjusted or prolonged to any domain names involving the
mathematical evaluation of complicated mathematical phrases.

Methods

OpticodeZenith Model
Processing Model

Invariant Code Motion ’
With LICM Algorithm =

Optimized Code

OpticodeZenith . OpticodeZenith

Fig. No. 1: Architecture of the code optimization
Stage 1: Source Code:

At the outset, the development process begins with the creation of source code written in a specific
programming language i.e. Python. This source code embodies the logic and instructions necessary to
perform a particular task or solve a problem.

Stage 2: Lexer and Parser:

Lexer: Acting as a tokenizer, the lexer dissects the source code into smaller, meaningful units known
as tokens. These tokens encompass keywords (e.g., "for" or "if"), identifiers (representing variables or
function names), operators (such as "+" or "*"), and literals (comprising values like numbers or
strings).

Parser: Subsequently, the parser receives the stream of tokens from the lexer and scrutinizes the code's
syntax. It ensures adherence to the grammatical rules of the programming language, constructing a
hierarchical structure that mirrors the program's logic.

Stage 3 : Abstract Syntax Tree (AST) Algorithm:

During this phase, the parser constructs an Abstract Syntax Tree (AST) [21]. This tree-like data
structure abstracts away from the specifics of the programming language syntax, providing a simplified
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representation of the program's structure. It delineates the relationships between various components
of the code, encompassing expressions, statements, functions, and loops.

The AST algorithm then scrutinizes this structure, seeking out potential avenues for optimization. It
examines the code for recurring patterns that signal opportunities for improvement [29].

Dead Code Identification:

A prevalent optimization technique, dead code elimination, involves identifying sections of the
codebase that are unreachable or do not contribute to the program's final output. These may include
code blocks within conditional statements that will never execute under certain conditions or variable
assignments that are overwritten without subsequent use.

Marking and Removal:

Once dead code segments are identified, the AST algorithm marks them for removal. While this
process does not directly modify the source code, it flags the portions of the AST that can be excised
during optimization.

Optimized Dead Code:

Subsequently, the flagged dead code is eliminated, resulting in an optimized version of the codebase.
This elimination serves to enhance performance by eradicating unnecessary computations and
reducing memory consumption.

Stage 4 : Loop-Invariant Code Motion (LICM):

LICM, a specialized optimization technique tailored for loops, targets calculations or expressions
invariant within the loop. Such invariance implies that the calculation's outcome remains constant
across loop iterations, regardless of repetition.

Loop Invariant Code Motion Algorithm:

Loop Invariant Code Motion (LICM) is an optimization technique used in compiler design to enhance
the efficiency of loops by moving computations that yield the same result in each iteration outside of
the loop [31]. This process involves identifying code within the loop that does not depend on the loop's
variables, known as loop-invariant code. Once identified, this code can be safely moved before the
loop, thereby reducing the number of instructions executed during each iteration and improving overall
performance. LICM requires thorough analysis to ensure that moving the code does not alter the
program's correctness, specifically maintaining data dependencies and ensuring that side effects
remain consistent. By minimizing redundant calculations within the loop, LICM contributes to more
efficient execution of programs, particularly in performance-critical applications.

Extraction of Loop Invariants:

The extraction of loop invariants is a crucial step in optimizing loops within a program, aimed at
enhancing performance by reducing redundant computations. This process involves identifying
expressions or computations within a loop that produce the same result in every iteration, known as
loop-invariant code. To extract these invariants, a compiler analyzes the loop to detect operations
whose operands do not change across iterations, ensuring that moving these operations outside the
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loop does not affect the program's correctness. This involves verifying that the variables involved in
these operations are not modified by the loop and ensuring that there are no dependencies that would
be violated by the extraction. Once identified, these invariant expressions are moved outside the loop,
typically before it begins. This optimization reduces the computational overhead within the loop,
leading to more efficient execution by decreasing the number of instructions that need to be repeatedly
executed, thus improving the overall performance of the program.

Final Stage: Generating Optimized Code

Optimizer Coordinator: The optimizer coordinates the changes from both dead code elimination and
loop invariant code motion.

Optimized Code: The final output is the optimized code, which has fewer lines of code, improved
structure, and enhanced performance due to reduced redundant computations and unnecessary code.

6. Comparison of the existing model with our OpticodeZenith Model.

Table No. 1: Comparison results with different Applications

Blin Rfmtole Hfs Surg Acoust Agil Taskap OpticodeZen

licati
271 1271 1 [271 [271 271 [27]
fli f
Number of lines o 150 174 203 223 347 389 452 731
code
Number -of deadcode 27 35 31 46 41 54 79 150
lines
Number .of unused 16 19 21 11 12 23 29 57
variable
Compile Time
_ before 245 145 2% 278 178 223 128 1.13
Optimization(milliseco 7
nds)
Compile Time after 23
Optimization(milliseco 2.12 112 °~ 213 148 218 102 L
nds)
Efficiency 234 345 0 237 245 367 389 5.38
(10-point scale) 4

A detailed comparison of different software programs before and after code optimization is prepared
by our result analysis. Included in the measuring system are the following: the total amount of lines of
code, the total number of dead code lines, the total number of new variables, the compilation time
before and after optimization, and a 10-point efficiency rating. Understanding the impact of
optimization strategies on code execution and efficiency requires an understanding of this analysis.

The following segments specify a thorough evaluation of each application's execution and efficiency
progress. [23]
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At first, the Blink application contained 150 lines of code, of which 16 were variables that were never
utilized and 27 were deemed to be dead code [24][25]. The optimization produced an efficiency rating
of 2.34 by cutting the compile time from 2.45 milliseconds to 2.12 milliseconds. While the removal of
unnecessary code indicates a considerable gain in code efficiency, OptiCode performs better than Blink
since it has a larger codebase and more significant optimization outcomes. With 174 lines of code,
Rfmtoleds had 19 unnecessary variables and 35 lines of dead code. The compile time was lowered
from 1.45 milliseconds to 1.12 milliseconds after optimisation. Performance and code quality appear
to have significantly improved, as indicated by the efficiency rating of 3.45. Better overall performance
Is indicated by OptiCode's optimisation, which also yields a higher efficiency rating and a more
significant compile time decrease. Out of the 203 lines of code in the HFS programme, 21 were
variables that were not in use and 31 were dead code. The build time was moderated from 2.67
milliseconds to 2.31 milliseconds through optimisation. The efficiency rating remains poor at 1.34
despite these improvements, suggesting that further optimisation may be required. By contrast,
OptiCode attains a far better efficiency rating and more noticeable performance improvements.

With 223 lines of code, the Surge program contained 11 unnecessary variables and 46 dead code lines.
Following optimisation, the efficiency rating was 2.37, with a compile-time reduction from 2.78
milliseconds to 2.13 milliseconds. This suggests that performance has improved to a satisfactory level.
However, OptiCode's improvements are more significant, demonstrating the greater influence of our
optimization methods. The 347 lines of source code that made up Acoustic included 12 unnecessary
variables and 41 lines of dead code. The compile time was shortened from 1.78 milliseconds to 1.48
milliseconds through optimization, yielding an efficiency rating of 2.45. Effective code optimization
is indicated by the improvement in compilation time. Acoustic's compile time reductions and
efficiency are less impressive than OptiCode's, though.

Agilla contained 389 lines of code, 23 unnecessary variables, and 54 dead code lines. Compile time
was reduced from 2.23 milliseconds to 2.18 milliseconds as a result of optimization. The efficiency
rating of 3.67 suggests a discernible gain in runtime performance, even with this slight decrease in
compile time. However, OptiCode's optimization confirms its supremacy with a higher efficiency
rating and a more substantial compilation time decrease. Taskapp's first 452 lines of code had 79 dead
code lines and 29 superfluous variables. After optimization, the construction time dropped dramatically
from 1.28 milliseconds to 1.02 milliseconds, with a high-efficiency rating of 3.89. This demonstrates
how optimization may be carried out successfully, significantly enhancing code performance.
However, OptiCode's better efficiency rating and larger compilation time reduction demonstrate its
superior optimization outcomes.

OptiCode:

With 731 lines, 150 dead code lines, and 57 useless variables, OptiCode had the biggest codebase. The
build time was drastically reduced from 1.13 milliseconds to 0.90 milliseconds by the optimisation
process. The significant improvements in performance and maintainability brought about by
optimisation are shown by the high efficiency rating of 5.38. OptiCode is unquestionably the most
efficient and optimised application when compared to others, demonstrating the potency of our
sophisticated optimisation methods.
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Comparison Graphs:

Compile Times Before and After Optimization (milliseconds)

Before Optimization
After Optimization

Compile Time (milliseconds)

& & & & & yvq &
o & < o

Fig. No. 2: Compilation Times before and after the optimization

The compile times of eight distinct applications are compared in the graph "Compile Times Earlier
and Afterwards Optimisation (milliseconds)” for both the before and subsequent optimization. Blink,
rfmtoleds, hfs, surge, acoustic, agilla, taskapp, and OptiCode are among the programmes that are
estimated. An arranged bar indicates the compilation time of each application; the top section (blue)
indicates the compile time before optimization, while the bottom section (orange) indicates the compile
time after optimization.

It is evident from the graph that optimization has reduced compile times across the board for all apps.
As an example, blink displays a reduction from about 2.45 milliseconds before optimization to roughly
2.12 milliseconds following optimization. The build time of rfmtoleds also decreases, going from 1.45
milliseconds to 1.12 milliseconds. The application with the biggest improvement is OptiCode, whose
compilation time dropped from 1.13 milliseconds to 0.90 milliseconds.

Efficienc’ 'y Scores of Applications (10-point scale)

Effici

Fig. No. 3: Efficiency scores of the application

Eight distinct applications' efficiency ratings are displayed on a scale from 0 to 10 in the graph titled
"Efficiency Scores of Applications (10-point scale)". Blink, rfmtoleds, hfs, surge, acoustic, agilla,
taskapp, and OptiCode are among the programmes that are computed. These application names are
plotted on the x-axis, while each application's unique efficiency score is plotted on the y-axis. The
peak of each application's associated bar shows how effective it is.

With an efficacy score of roughly 5.38, OptiCode stands out among the other applications we looked
at, indicating that it is the most proficient. Taskapp, Agilla, and rfmtoleds show somewhat high-
efficiency scores after OptiCode, suggesting that these programs also perform well in terms of
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proficiency. In contrast, hfs has the lowest efficiency record in this dataset—roughly 1.34—making it
the least successful application. Other applications, like acoustic, blink, and surge, display typical
execution and efficiency records.

2. Results

In our thorough analysis of software programmes both before and after code optimisation, OptiCode
shines out. OptiCode started out with a large codebase (731 lines), 150 lines of dead code, and 57
variables that were never used. An efficiency rating of 5.38 on a 10-point scale was obtained, indicating
a considerable reduction in compilation time from 1.13 milliseconds to 0.90 milliseconds through
optimisation.

Formula for finding efficiency [32].

) 5 * Number of Errors
Rating = 10— ( )
Number of statements

The more issues Pylint [32] finds in your code, the lower the score. Here's a breakdown of the formula:

. Number of Errors: This includes various types of issues like convention violations, refactor
suggestions, warnings, and errors.

. Number of Statements: This includes all lines in the code file that Pylint analyzes.

Graphical Analysis

Number of Functions Before and After Optimization

Fig. No. 4: Function Analysis

The graph presented illustrates the impact of code optimization on the number of functions across 25
different examples, where each example represents a specific range of lines in the source code. The x-
axis denotes the example numbers from 1 to 25, with corresponding ranges of lines such as 10-97 for
Example 1, 101-203 for Example 2, and so forth. The y-axis indicates the number of functions, with
blue bars representing the pre-optimization state and green bars depicting the post-optimization state.

Analyzing the data reveals a consistent trend: the number of functions after optimization is uniformly
lower than before optimization across all examples. This reduction highlights the effectiveness of the
applied optimization techniques, which likely included function inlining, dead code elimination, and
function merging. For instance, Example 1 (10-97 lines) shows a decrease from 118 functions before
optimization to 101 functions after optimization, indicating the removal or consolidation of 17
functions. Similarly, Example 2 (101-203 lines) demonstrates a significant reduction from 97 functions
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to 36, showcasing a substantial optimization impact. This pattern continues throughout the dataset,
with notable reductions in other examples such as Example 5, which decreased from 81 to 70 functions.

The variability in the extent of reduction across different examples suggests that the complexity and
initial quality of the code varied, necessitating different levels of optimization effort. In some instances,
like Example 4, the reduction is minimal (from 32 to 29 functions), indicating fewer opportunities for
optimization or an already efficient initial state. Conversely, other examples exhibit more pronounced
reductions, reflecting extensive refactoring and code improvement.

In conclusion, the graph demonstrates the significant impact of code optimization on reducing the
number of functions, thereby improving code efficiency and maintainability. The consistent decrease
in function count post-optimization across all examples underscores the efficacy of the optimization
processes employed, contributing to enhanced software performance and streamlined code structure.
This analysis is critical in the field of software engineering, as it provides empirical evidence of the
benefits of systematic code optimization.

Compile Time Before and After Optimization

Compie Time Before
Compile Time After Cptimization

Fig. No. 5: Compile-Time Analysis

The bar chart titled "Compile Time Before and After Optimization” illustrates the effect of code
optimization on the compile time for a series of 25 code examples. Each example on the x-axis
represents a different range of lines of code, with Example 1 corresponding to 10-97 lines, Example 2
to 101-203 lines, and so on. The y-axis indicates the compile time in milliseconds, with orange bars
representing the compile time before optimization and blue bars indicating the compile time after
optimization.

The chart reveals a consistent trend where the compile time after optimization is significantly reduced
compared to the compile time before optimization. This demonstrates the efficacy of the optimization
process. For instance, Example 1 shows a reduction in compile time from approximately 13.26
milliseconds to 7.47 milliseconds. Similarly, Example 2 exhibits a decrease from around 13.32
milliseconds to 10.25 milliseconds.

In several cases, the reduction in compile time is more pronounced. Example 5, for example, shows a
compile time before optimization of 12.36 milliseconds, which drops to 4.92 milliseconds after
optimization, highlighting the substantial impact of optimization techniques.

This consistent decrease in compile times across all examples indicates that the optimization methods
applied are effective regardless of the initial compile time or the range of lines of code. This suggests
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that the techniques used are robust and scalable, providing performance improvements across various
code sizes and complexities.

Overall, the bar chart visually confirms that code optimization can significantly reduce compile times,
enhancing the efficiency of the compilation process. This reduction in compile time can lead to faster
development cycles and improved performance in software development environments. The data
supports the conclusion that implementing these optimizations can yield substantial benefits in terms
of reduced compile times, thereby contributing to more efficient software development practices.

Number of variables Before and After Optimization
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Fig. No. 6: Number of variables used Before and After Optimization

Overall Reduction: The darker red bars consistently have lower or equal heights compared to their
corresponding light pink bars across all examples, indicating a successful reduction in the number of
variables due to optimization.

Detailed Observations:

. Examples 1-5: There is a noticeable reduction in the number of variables. For instance, in
Example 1, the number of variables drops from 26 to 23, and in Example 2, from 8 to 5.

. Examples 6-10: Similar reductions are observed. Example 6 sees a drop from 31 to 28
variables, and Example 8 from 50 to 47.

. Examples 11-15: This trend continues, with Example 11 showing a reduction from 40 to 29
variables and Example 14 from 56 to 53.

. Examples 16-20: The pattern persists with substantial reductions, such as Example 18
dropping from 15 to 12 variables.

. Examples 21-25: Finally, the optimization effect is evident here as well, with Example 21
reducing from 23 to 20 variables and Example 24 from 47 to 44.

The graph highlights the effectiveness of code optimization techniques in reducing the number of
variables used within different segments of the code. This reduction can lead to improved code
efficiency, better resource management, and enhanced readability. Each example's data underscores
the tangible benefits of such optimization practices, contributing to overall software performance and
maintainability.
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Mumber of Lines vs. i

Humber of Lines

Fig. No. 7: Graphical Analysis of p

Overall, the trend shows an increasing p as the number of lines of code increases, suggesting that larger
codebases tend to experience more significant improvements from optimization. However, the graph
also exhibits notable fluctuations, with pronounced peaks around 500, 1000, 1500, and 2500 lines of
code, and a significant dip near 2000 lines.

Upon detailed examination, it is observed that the average p value lies within the range of 0.20 to 0.25.
This range serves as a benchmark for evaluating the relative efficiency of different code sizes and the
corresponding impact of optimization strategies.

Performance Insights:

1. Efficiency Decrease (n > 0.25): Instances where p exceeds 0.25 are characterized by a marked
decrease in efficiency. These scenarios correspond to points on the graph where there are significant
peaks, such as around 500 and 2500 lines of code. The high p values in these regions suggest that the
optimizations applied are exceptionally effective for these specific code sizes, potentially due to better
algorithmic strategies or improved resource utilization. However, this also implies that the overhead
or complexity introduced by these optimizations may outweigh their benefits as the code size further
increases. Hence, beyond a certain threshold, the efficiency gains diminish, reflecting a decrease in
overall performance efficiency.

2. Efficiency Increase (n < 0.20): Conversely, when p is less than 0.20, there is a notable increase
in efficiency. These points on the graph, which are typically associated with falls or troughs, such as
around 1700 lines of code, indicate that the optimizations are less effective in absolute terms. However,
the lower p values suggest that the optimizations introduce minimal overhead, thereby maintaining or
slightly enhancing the execution efficiency of the code. This efficiency increase is often a result of
basic optimizations that streamline the code without adding significant complexity or resource
demands.

At approximately 500 lines of code, u# reaches its highest value, indicating a sharp decrease in
optimization effectiveness. At these specific line counts, the structure of the code might have hit
thresholds where certain optimizations become more effective This suggests that at this code size,
specific constructs or patterns within the code may have been particularly willing to optimization,
resulting in a substantial reduction in compile time. Conversely, following this peak, u decreases but
maintains a generally upward trend until it approaches 1000 lines. The optimization effectiveness
appears to stabilize somewhat in this range, though not as dramatically as at 500 lines.
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Another significant peak is observed around 1500 lines of code, where x again increases notably. This
indicates another point where the structure or complexity of the code benefited greatly from the applied
optimizations. However, at approximately 2000 lines of code, there is a sharp drop in g, indicating that
the optimizations were most effective. This dip could be attributed to the nature of the code at this size
being less compatible with the optimization techniques used.

The graph then shows a resurgence in optimization effectiveness at around 2500 lines, where u peaks
again. Similar to previous peaks, this suggests the presence of code constructs that are highly
optimized, leading to significant compile time reductions.

Number of Lines vs. Efficiency (AE)

0.9 { —#— Efficiency (aE)

Efficiency (4E)
o

1000
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Fig. No. 8: Graphical Analysis of 4E

The provided graph exhibits the relationship between the number of lines of code and the efficiency
(AE) of the optimization process. This analysis delves into the observed trends, peaks, and lows, and
evaluates the overall effectiveness of the optimization strategy.

Firstly, the graph demonstrates several sudden peaks and lows in efficiency. These abrupt changes can
be attributed to variations in the amount of dead code, fluctuations in compile times before and after
optimization, and the inherent effectiveness of the optimization process. High peaks often signify
segments where the optimization is particularly effective, reducing dead code and improving compile
time significantly. Conversely, low points may indicate areas where the code contains more dead code
or where the optimization struggles to produce substantial improvements.

A notable observation is the distinct fall in efficiency at around 2000 lines of code. This sharp decline
could result from ineffective optimization at this specific point, possibly due to complex code
structures or dependencies that challenge the optimization algorithms. Additionally, there might be an
increase in dead code or additional overhead in the compilation process as the codebase size
approaches 2000 lines, further contributing to the drop in efficiency.

Overall, the average efficiency (AE) of approximately 0.471 is a positive indicator of the optimization
process's success. This value, which is close to 0.5, suggests that the optimizations have a substantial
positive effect on performance. The upward trend in efficiency values, despite some fluctuations,
indicates consistent improvements as the number of lines increases. Achieving an average efficiency
of 0.471 signifies that the optimization techniques are effective for most of the codebase, leading to
reduced compile times and enhanced code quality.
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3. Discussion

The thorough examination of OptiCode and its contrasts with other software programmes highlight
how well it works to improve software performance by utilising cutting-edge code optimisation
methods. OptiCode reduces superfluous calculations and streamlines execution routes by utilising loop
invariant code motion and dead code eradication. As a result, runtime efficiency is increased and build
time is significantly reduced.

OptiCode outperformed Taskapp (3.89), Agilla (3.67), and Rfmtoleds (3.45) with its greatest
efficiency rating of 5.38 on a 10-point scale in our comparison research. The 731 lines of code in the
OptiCode codebase include 150 lines of dead code and 57 variables that aren't used. Compile time was
lowered from 1.13 milliseconds to 0.90 milliseconds through optimisation, demonstrating a notable
increase in compile efficiency.

The information shows that OptiCode's optimisation methods efficiently handle a sizable codebase by
eliminating a sizable portion of unnecessary variables and dead code.
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