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Abstract

The persistent performance gap in dynamic languages like Python has driven the development of numerous
compiler solutions. This paper presents a comparative performance analysis of two prominent Python compilers,
Numba and Cython, across distinct computational workloads: recursive (Fibonacci series) and arithmetic-intensive
(Euclidean distance). Addressing a gap in existing literature, this study provides an evidence-based framework
that maps compiler performance directly to workload types. Experiments conducted in a controlled environment
measured execution time, speedup ratios, and memory usage. Results demonstrate that Numba achieves a speedup
of up to 6.18x over pure Python for arithmetic-intensive tasks, while Cython performs better in deep recursion
cases. The study concludes by offering a workload-to-compiler decision framework, which serves as a practical tool
and a contribution to the literature on scenario-based compiler recommendations.
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1. Introduction

The demand for high-performance computing in fields such as scientific research and data analysis has driven the need
for efficient compilers, even for traditionally interpreted languages such as Python. While various tools have been
developed to accelerate Python code, there remains a notable lack of comparative, workload-aware analysis to guide
developers in selecting the most suitable compiler for specific tasks. This paper addresses that gap by providing a
comparative performance analysis of two prominent Python compilers: Cython, an Ahead-of-Time (AOT) compiler,
and Numba, a Just-in-Time (JIT) compiler.

This research explicitly evaluates these compilers’ performance across two distinct workload categories: arithmetic-
intensive tasks (e.g., Euclidean distance calculation) and recursion-heavy tasks (e.g., Fibonacci sequence generation).
By systematically benchmarking their effectiveness on these diverse workloads, the study aims to provide a practical,
evidence-based framework that helps developers make informed decisions. This framework provides illustrative guidance
on how JIT and AOT compilers behave under distinct workload characteristics, rather than a universal prescription
across all Python applications.
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1.1. Compilers and Just-in-Time (JIT) Compilation

A compiler is a program that translates code written in a high-level language into machine code that a computer
can execute [1]. This traditional, or static, compilation process is performed before the program runs. In contrast,
Just-in-Time (JIT) compilers translate source code into native binary code at runtime. This dynamic approach allows
for optimizations that are not possible with static compilers, as the JIT compiler has a real-time view of the machine’s
state. These dynamic optimizations can significantly boost application performance and reduce memory usage. JIT
compilers have become a cornerstone of modern application development, widely used in web browsers for languages
such as JavaScript and in high-level languages such as Java. In the context of Python, JIT compilers such as Numba
and Cython are potent tools for optimizing execution speed, especially for computationally intensive tasks.

1.2. Related Work

Recent research on Just-in-Time (JIT) compilation spans security, performance optimization, and domain-specific
integration. Smith et al. [2] address security risks by introducing Icarus, a formally verified JIT framework that
uses symbolic meta-execution to ensure memory safety for all generated code, achieving performance on par with
hand-written compilers. Performance-focused works include Tian et al. [3], who combine link-time optimization
(LTO) with JIT for OpenMP target offloading, and Pichler et al. [4, 5], who blend ahead-of-time (AOT) and JIT
compilation in GraalVM—initially manually, then automatically via call-graph analysis—to improve warm-up and peak
performance. Jakob et al. [6] present Dr.Jit, a high-performance JIT for physically based and differentiable rendering,
which traces and specializes high-level simulation code into optimized CPU/GPU kernels while eliminating redundant
computations through global data dependency tracking. Lightweight, domain-specific approaches are explored by
Ning et al. [7], who design a simple LLVM-based JIT for relational databases, and Ma et al. [§], who compare LLVM-
and WASM-based JIT architectures in database execution engines. Latifi et al. [9] propose CompGen, an efficient
compiler generator inspired by the second Futamura projection to reduce compilation time while maintaining high
performance, while Zhang et al. [10] develop comPyler, a compatibility-focused Python JIT with comparative analysis
across multiple Python implementations. From a security perspective, Bauman et al. [11] introduce Renew, enabling
robust control-flow integrity and software fault isolation for self-modifying code in JIT-based systems with minimal
performance overhead. Collectively, these works demonstrate how JIT compilation research is advancing toward safer,
faster, and more adaptable solutions across languages, platforms, and application domains.

1.2.1 Python Compiler Landscape

Dynamic languages such as Python offer flexibility and a rapid development cycle, but often trade execution speed for
these benefits [12]. To bridge this performance gap, developers employ compilers to translate performance-critical code
into native machine instructions. These compilation strategies broadly fall into two categories:

1. Ahead-of-Time (AOT) or Static Compilation: Tools such as Cython extend Python with optional static
typing and compile the code into optimized C/C++ before execution.

2. Just-in-Time (JIT) Compilation: Tools such as Numba, PyPy, and Pyston specialize and optimize code at
runtime by leveraging dynamic information that is unavailable during static compilation.

JIT compilers can apply aggressive optimizations, sometimes outperforming AOT compilers for specific workloads.
However, they can also introduce trade-offs such as warm-up delays and increased memory usage [13-16].

Other execution engines, such as PyPy and Pyston, also provide JIT acceleration. These alternative Python execution
engines were excluded from the present study because their whole-program JIT strategies and adaptive optimization
heuristics are not easily isolatable at the level of individual computational kernels. Because this study focuses on
micro-benchmarking specific workload patterns (recursion-heavy and arithmetic-intensive functions) under controlled
conditions, inclusion of such interpreters would confound compiler-level effects with runtime system behaviors, limiting
interpretability of the results.

1.2.2 Cython and Numba
Cython extends Python by allowing optional static typing and compiling the resulting code into optimized C. This

makes it particularly effective for computational loops and interoperability with existing native libraries. It is well-suited
for cases where data types are known in advance [13].
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Numba uses the LLVM compiler infrastructure to JIT-compile a subset of Python and NumPy code at runtime. It
excels in scientific and numerical workloads by supporting vectorization, parallel execution, and GPU offloading, often
delivering significant performance gains with minimal code changes [12, 17-22].

1.2.3 Research Gap

While prior studies have extensively documented the individual design and performance benefits of tools such as
Cython and Numba, a notable research gap exists in providing a comparative, workload-aware analysis under uniform
experimental conditions. Most existing research focuses on implementation strategies or isolated benchmarks without
providing actionable, context-specific guidance. There is a clear need for empirical evidence that helps developers
select the most suitable compiler based on the code’s computational patterns, such as recursion-heavy logic versus
arithmetic-intensive tasks. This study addresses this gap by systematically evaluating Numba (JIT) and Cython (AOT)
[23, 24] across these distinct workload categories. Statistical analysis of execution time, speedup, and memory usage
was performed to provide evidence-based recommendations for practitioners.

2. Methods

2.1. Cython: An Ahead-of-Time (AOT) Compiler

Cython is a static compiler that generates highly optimized C or C++ code from a Python-like syntax. Its core
strength lies in its support for optional static typing, which allows developers to declare variable types explicitly,
enabling the compiler to generate efficient C code directly compatible with existing C and C++ libraries. Although
this process results in fast execution, it introduces a separate compilation step before runtime. This makes Cython
particularly well-suited for applications where performance is critical and variable types are known in advance, such as
in scientific computing and numerical simulations. In this study, Cython was used with default compilation settings
and without explicit static type annotations, reflecting a common adoption scenario for developers seeking performance
gains with minimal code modification. Consequently, the reported performance results correspond to untyped Cython
rather than fully type-specialized implementations. Explicit type declarations can further reduce overhead and improve
performance, particularly in numerical kernels; however, evaluating such manually optimized variants was beyond the
scope of this comparative study and is identified as a direction for future work.

2.2. Numba: A Just-in-Time (JIT) Compiler

Numba is a Just-in-Time (JIT) compiler built on the LLVM compiler infrastructure. It specializes in optimizing
numerical code, especially for NumPy array functions. Unlike Cython, Numba compiles code at runtime by inferring
data types and applying optimization passes to generate efficient machine code. This dynamic approach enables
aggressive optimization and supports features such as automatic parallelization and GPU offloading (via CUDA).
Although Numba provides significant speedups for numerical tasks with minimal code changes, it can be incompatible
with some standard Python library functions and may introduce a “warm-up” delay during the first function call.

2.3. Experimental Environment

To ensure the reproducibility and consistency of the results, all experiments were conducted on a uniform hardware
and software environment:

e Processor: Intel Core i7-10750H CPU @ 2.60 GHz
e RAM: 16 GB DDR4

e Operating System: Windows 11 Pro 64-bit

Python Version: 3.10.9
e Cython Version: 0.29.34
Numba Version: 0.57.0
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All experiments were conducted under standard operating conditions, without explicitly disabling CPU frequency
scaling or turbo boost. Background user applications were minimized during benchmarking to reduce interference.
Fine-grained control of dynamic frequency scaling and OS-level scheduling was not enforced. As a result, reported
timings should be interpreted as representative rather than cycle-accurate microbenchmark measurements.

2.4. Benchmarking Method

Two distinct benchmarks were designed to test the performance of Cython and Numba under different computational
paradigms. Each benchmark was executed 10 times, and the average execution time was recorded.

1. Recursive Workload: Performance of both compilers was measured by computing the Fibonacci sequence
for depths ranging from 20 to 40. This recursion depth range was chosen to remain safely below Python’s
default recursion limit while still inducing sufficiently deep call stacks to stress function invocation and return
mechanisms.

2. Arithmetic Workload: Performance was tested on an arithmetic-intensive task by computing the Euclidean
distance for 1 million data points. This workload is ideal for evaluating a compiler’s ability to optimize
mathematical operations on large datasets. The arithmetic kernel uses math.sqrt within an explicit loop; no
explicit SIMD vectorization directives were applied. The Numba-compiled implementation therefore executes
scalar code, and observed performance gains are attributable to JIT compilation and runtime optimizations
rather than auto-vectorization.

The arithmetic workload size of 1 million data points was selected to exceed cache-friendly problem sizes and ensure that
execution time is dominated by numerical computation rather than loop setup, memory allocation, or I/O overhead,
thereby providing a representative compute-bound scenario for evaluating compiler optimizations. For each benchmark,
95% confidence intervals were computed across the ten independent runs. These intervals are not explicitly reported in
summary tables to preserve readability and compact presentation and are instead reflected through variance indicators
(error bars) in Figures 1-3.

Performance was measured using three key metrics:

e Execution Time (in seconds)

e Speedup Ratio: Calculated as (Pure Python time / Optimized compiler time)

e Memory Usage: Monitored using the memory_profiler library to assess memory efficiency
The source code for all benchmarks, including the setup.py and .pyx files have been provided in the Appendix for full
reproducibility. A separate measurement of compilation overhead was conducted by isolating the first-call latency for
Numba. This overhead (0.07-0.10s) can materially affect short-running workloads. The benchmark suite in this study

is intentionally minimalistic, focusing on two fundamental workload categories that do not capture the full spectrum of
industrial or scientific Python performance scenarios.

3. Results and Discussion

3.1. Comparative Performance

The benchmark results, as shown in Figures 1 and 2 and Table 1, indicate that both compilers reduce execution time
compared to pure Python.
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Figure 1: Execution time comparison of Python, Cython, and Numba for recursion (Fibonacci) and arithmetic-intensive
(Euclidean distance) workloads.
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Figure 2: Speedup ratio of Cython and Numba over pure Python for recursion and arithmetic workloads.

Table 1: Benchmark results for Python, Cython, and Numba across recursion and arithmetic workloads. All reported
values represent the mean of ten executions, with variations within +0.05s.

‘Workload Python Cython Numba Cython Numba Python Cython Numba
Time Time Time Speedup Speedup Mem Mem Mem
(s) (s) (s) (MB) (MB) (MB)
Recursion (Fibonacci) 12.5 2.3 3.05 5.43x 4.10x 50 45 49
Arithmetic (Euclidean Distance) 10.2 2.6 1.65 3.92x 6.18% 48 46 51

However, their performance varies substantially depending on the following workloads:

e Recursive Workload (Fibonacci): Cython exhibited superior performance for recursion-heavy tasks, achieving
a speedup of 5.43x over pure Python. Numba also provided a speedup but was less effective at 4.10x. This
performance trend is consistent with the effects of static compilation in Cython, which can mitigate overheads
associated with frequent function invocation in deep recursive call patterns, although function-call overhead was
not isolated as an independent metric in this study.

¢ Arithmetic Workload (Euclidean Distance): Numba was the clear winner for arithmetic-intensive tasks,
achieving a speedup of 6.18x over pure Python. Cython delivered a more modest speedup of 3.92x. Numba’s
strength in this area comes from its advanced Just-in-Time optimizations, particularly its efficient handling and
vectorization of NumPy arrays. Across the tested input sizes reported in Appendix B, execution time decreased
monotonically relative to pure Python as problem size increased, with the maximum observed speedup of 6.18x
occurring at the largest evaluated input size. Variance across runs was low (SD < 0.065s).
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3.2. Memory Usage and Other Observations
e Memory Usage: As shown in Figure 3 and Table 1, Cython and Numba showed memory consumption within a

10% overhead of pure Python, with Cython slightly more memory-efficient. The reported values correspond to
peak sampled resident memory observed during benchmark execution using memory_profiler.
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Figure 3: Memory usage comparison for Python, Cython, and Numba across tested workloads.

e Compilation Overhead: Numba introduces a slight runtime compilation delay of approximately 0.08s on the
first function call, whereas Cython’s compilation is performed ahead of time, incurring no such runtime overhead.

Memory behavior under larger data volumes, iterative kernels, and long-running processes was not evaluated and
warrants more detailed profiling in future work. Warm-up overhead varies with function complexity, as reported in
Table 2. Speedup ratios reported in Table 1 are computed relative to CPython 3.10.9 with default interpreter settings,

excluding the one-time JIT warm-up overhead of Numba, which is reported separately in Table 2.

Table 2: Numba warm-up overhead across workloads.

Workload Type

First-Call Overhead (s)

Notes

Fibonacci

Euclidean Distance

0.09
0.07

Higher due to recursive call tracing
Lower because of simple loop structure

Based on these findings, Table 3 summarizes the observed workload-to-compiler tendencies derived from the evaluated

benchmarks.

Table 3: Workload-to-compiler recommendation.

Workload Type

Recommended Compiler

Reason for Choice

Example Use Case

Deep Recursion
Arithmetic-Intensive Loops

GPU-Accelerated Workloads

Mixed CPU-bound Tasks

Cython
Numba

Numba (CUDA)

Hybrid (Cython + Numba)

Better static optimization and
reduced call overhead

Efficient NumPy array han-
dling and vectorization

Based on Numba’s documented
CUDA support; GPU execu-
tion was not evaluated in the
present study

Potential for selectively com-
bining AOT and JIT compila-
tion strategies (not empirically
evaluated in this study)

Symbolic math, tree-based al-
gorithms

Machine learning preprocess-
ing, GIS distance
Scientific simulations,
learning

deep

Data analytics pipelines
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3.3. Limitations of the Study

The workloads evaluated—recursive Fibonacci and arithmetic Euclidean distance—represent only a narrow subset
of real-world patterns. Future studies should incorporate matrix operations, data-intensive pipelines, and mixed-
mode workloads to improve representativeness. All experiments were conducted on a single Intel-based Windows
11 environment. Because JIT performance varies across CPU architectures, vectorization capabilities, and OS-level
scheduling, broader cross-platform evaluation is needed.

4. Conclusion

The results of this study provide an evidence-based framework for selecting a compiler based on a task’s computational
characteristics (Table 3). For recursion-heavy tasks, Cython is recommended due to its superior performance and
reduced function call overhead. For arithmetic-intensive tasks, Numba is the optimal choice, as its JIT optimizations
are highly effective for numerical operations and NumPy array manipulation. This comparative analysis concludes that
both Numba and Cython offer significant performance improvements over pure Python; however, their effectiveness
is highly dependent on the nature of the workload. The field of JIT compilation for dynamic languages is rich with
potential for further exploration. To better understand compiler performance, a standardized benchmark suite could be
created to include a wider variety of tasks, such as matrix multiplication, image transformations, and large-scale sorting.
The compatibility and performance of JIT compilers across different platforms, including Linux, macOS, and cloud
GPU instances, should also be studied to assess their portability and optimization differences. A promising direction is
the development of hybrid strategies that selectively combine compilers such as Cython and Numba to leverage their
unique strengths for maximum performance. Future work could additionally focus on integrating JIT compilers into
AT and machine learning workflows, testing their performance on preprocessing functions within frameworks such as
TensorFlow and PyTorch. The security and stability of JIT compilers should also be analyzed, including potential
runtime vulnerabilities or stability issues that may arise from dynamic code generation. Finally, an emerging area is
the use of machine learning to create smarter JIT compilers; research could explore the benefits and limitations of
these new compilers and compare them to traditional JIT approaches.
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A. Fibonacci Recursion Benchmark Code

The Fibonacci benchmark evaluates compiler behavior under deep recursion. A naive recursive implementation without
memoization is used intentionally to amplify function-call overhead and expose differences in compiler handling of
deep recursion; consequently, the observed performance trends may not generalize to optimized recursive or iterative
implementations. The complete Python implementation and a snippet of auto-generated C code from Cython are
provided below.

A.1. Cython Setup File (setup.py)

from setuptools import setup
from Cython.Build import cythonize

setup (ext_modules=cythonize ("fib.py"))

A.2. Python Source Code to Be Cythonized (fib.py)

import time

def fib(n):
if n < O:
return O
elif n == 1:
return 1
else:
return fib(n - 1) + fib(n - 2)

arrfc = []
i = 20

while i <= 40:

start = time.time ()
fib (1)
end = time.time ()

t = end - start
arrfc.append(t)

i += 2

print (arrfc)
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A.3. Representative Snippet of Auto-Generated C Code (fib.c)

When fib.py is compiled with Cython, it generates a large C file (fib.c). A brief representative snippet is provided
here to illustrate how Cython translates Python code into CPython API calls. The full file is omitted due to its length.

static void __Pyx_AddTraceback(const char *funcname, int c_line,
int py_line, const char *filename)
{
PyCodeObject *py_code = 0;
PyFrameObject *py_frame = 0;
PyThreadState *tstate = __Pyx_PyThreadState_Current;
PyObject *ptype, *pvalue, *ptraceback;
if (c_line) {
c_line = __Pyx_CLineForTraceback(tstate, c_line);
}
py_code = __pyx_find_code_object(c_line 7?7 -c_line : py_line);
if (!py_code) A{
__Pyx_ErrFetchInState(tstate, &ptype, &pvalue, &ptraceback);
py_code = __Pyx_CreateCodeObjectForTraceback(
funcname, c_line, py_line, filename);
if (!py_code) {
Py_XDECREF (ptype) ;
Py_XDECREF (pvalue) ;
Py_XDECREF (ptraceback) ;
goto bad;
}
__Pyx_ErrRestorelInState(tstate, ptype, pvalue, ptraceback);
__pyx_insert_code_object(c_line ? -c_line : py_line, py_code);
}
py_frame = PyFrame_New(
tstate,
py_code,
--pyx._d,
0
)
}

B. Euclidean Distance Benchmark Code

The Euclidean distance benchmark evaluates arithmetic-intensive performance. The Numba-compiled implementation

is provided below.

B.1. Numba-Accelerated Euclidean Distance Function

from numba import jit
import random

import math

import time

@jit (nopython=True)
def euclid(n):

z =0

for i in range(mn):
x = random.random()
y = random.random ()

z += math.sqrt(x**x2 + y*%x2)
return z
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B.2. Benchmark Loop Used for Performance Measurement

This block measures execution time for increasing input sizes.

results = []
sizes = [100000, 200000, 500000, 1000000]

for n in sizes:
start = time.time ()
euclid(n)
end = time.time ()

t = end - start
results.append(t)

print (results)

The use of random floating-point values ensures that the workload remains computation-bound. Numba compiles the
function on the first call, after which subsequent calls benefit from optimized machine code execution. The Euclidean
distance kernel was successfully compiled in nopython mode, and no Python object fallback occurred; the calls to
random.random() were fully lowered by Numba during JIT compilation, ensuring that the measured execution reflects

optimized native code rather than Python-level function calls.

C. Experimental Environment and Reproducibility Details

To ensure complete reproducibility, the hardware and software environment, as well as the execution protocol used for

all experiments,s are summarized below:

e Processor: Intel Core i7-10750H @ 2.60 GHz

e RAM: 16 GB DDR4

e Operating System: Windows 11 Pro 64-bit

e Python Version: 3.10.9

e Cython Version: 0.29.34

e Numba Version: 0.57.0

e Memory Profiler: Latest stable release (invoked via %memit)

e Warm-up overhead for Numba was profiled separately.

e Error bars as shown in the figures represent standard deviation (SD < 0.06s).

e Auto-generated C files from Cython were not modified manually.
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