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 A B S T R A C T

Python demonstrates lower performance in comparison to traditional high performance computing (HPC) 
languages such as C, C++, and Fortran. This performance gap is largely due to Python’s interpreted nature 
and the Global Interpreter Lock (GIL), which hampers multithreading efficiency. However, the latest version of 
Python includes the necessary changes to make the interpreter thread-safe, allowing Python code to run without 
the GIL. This important update will enable users to fully exploit multithreading parallelism in Python. In order 
to facilitate that task, this paper introduces OMP4Py, the first pure Python implementation of OpenMP. We 
demonstrate that it is possible to bring OpenMP’s familiar directive-based parallelization paradigm to Python, 
allowing developers to write parallel code with the same level of control and flexibility as in C, C++, or 
Fortran. The experimental evaluation shows that OMP4Py significantly impacts the performance of various 
types of applications, although the current threading limitations of Python’s interpreter (v3.13) reduce its 
effectiveness for numerical applications.
1. Introduction

Lately, Python has become the most popular programming lan-
guage [1]. Its ease of use has led to its widespread adoption across 
many scientific domains, from data analysis to machine learning. De-
spite its advantages in these areas, Python significantly lags behind 
traditional low-level HPC (High Performance Computing) languages 
like C/C++ and Fortran when it comes to achieving high performance. 
This performance gap can be attributed to two primary factors. First, 
Python’s interpreted nature introduces overhead that impacts execution 
speed compared to the compiled code of languages such as C and 
Fortran. Second, Python’s Global Interpreter Lock (GIL) limits its ability 
to fully exploit multithreading, hindering its scalability in parallel com-
puting tasks. These limitations present challenges to utilizing Python in 
HPC environments, where speed and efficiency are crucial.

Various efforts have been made to improve support for multi-
threading parallelism in Python, but important limitations remain [2]. 
However, a more definite solution is expected with the latest Python 
interpreter, whose final release was in October 2024. This version 
includes the necessary changes to make the interpreter thread-safe, 
allowing Python code to run without the GIL.

Based on this important advancement, this paper introduces
OMP4Py,1 the first native Python implementation of OpenMP [3], a 
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1 It is publicly available at https://github.com/citiususc/omp4py.

widely recognized standard programming model for exploiting multi-
threading parallelism in HPC. OMP4Py integrates OpenMP function-
alities into Python through two main mechanisms. First, it adapts 
OpenMP’s directive-based approach, allowing Python users to embed 
parallel constructs directly into their source code. These transformer 
directives enable parallel execution by instructing OMP4Py to modify 
the Python code accordingly. Second, OMP4Py includes a set of runtime 
library functions that closely mirror those provided by OpenMP. These 
functions allow users to manage parallel execution parameters, such as 
the number of threads and scheduling policies, giving them flexibility 
to fine-tune the parallel behavior of their Python programs. In this way, 
we prove that OpenMP’s directive-based parallelization model can be 
seamlessly integrated into Python, giving developers the same level 
of control in writing parallel code as they would have in C, C++, or 
Fortran.

A thorough experimental evaluation was carried out in the pa-
per, demonstrating that OMP4Py has significant potential for hybrid 
parallelism in combination with mpi4py [4] and for non-numerical 
workloads. However, the current threading limitations of Python’s 
interpreter (v3.13) hinder its scalability for numerical applications. It 
is important to highlight that as these limitations in the Python inter-
preter are progressively resolved, the scalability constraints of OMP4Py 
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when running numerical applications will gradually disappear, without 
requiring any modifications to its implementation.

The paper is structured as follows: Section 2 provides some back-
ground and summarizes previous research in the field. Section 3 in-
troduces OMP4Py, detailing its design, features, and implementation. 
Section 4 presents the experimental results, discussing various exper-
iments conducted to evaluate OMP4Py’s performance across different 
types of applications. Finally, Section 5 summarizes the key findings 
and proposes directions for future research.

2. Background & related work

2.1. OpenMP

OpenMP [3] is a parallel programming model originally designed 
for shared-memory computer systems, aiming to simplify the exploita-
tion of inherent concurrency in many algorithms. OpenMP primarily 
follows the fork-join model of parallel execution. In this model, the 
program starts with a single initial thread. At parallel regions, the initial 
thread creates multiple parallel threads that concurrently execute the 
assigned tasks. Once the parallel tasks are completed, the threads join 
back into the initial thread, which continues executing the program 
sequentially. Through compiler directives, programmers can instruct 
the compiler to generate multithreaded code at a higher level of ab-
straction, avoiding the manual management of thread creation and task 
assignment required by low-level approaches like pthreads in the POSIX 
library. The OpenMP API is compatible with C/C++ and Fortran.

Although initially designed for shared-memory architectures,
OpenMP has expanded its capabilities to support heterogeneous com-
puting. Since the introduction of the target directive family, OpenMP 
has enabled offloading computations to accelerators, such as GPUs, 
which often employ distributed-memory models internally. This ex-
tension allows OpenMP to be used in hybrid computing environ-
ments where both shared- and distributed-memory paradigms coexist. 
For this reason, OpenMP remains the standard for exploiting multi-
threading capabilities of modern multi-core CPUs while also enabling 
high-performance execution on heterogeneous architectures.

The OpenMP API standard specification2 started in 1997 (version 
1.0), and it continues to evolve, with new constructs and features being 
added over time. The latest release, version 6.0, was recently published 
in November 2024. However, most OpenMP programmers typically 
use only a subset of the OpenMP 3.0 specification released in 2008. 
This subset, referred to as the OpenMP Common Core [5], comprises 
the 21 most commonly utilized elements of OpenMP. Here are some 
of the main constructs, clauses and functions included in the OpenMP 
Common Core:

1. Parallel regions:

• #pragma omp parallel - Defines a parallel region, 
which is a block of code executed by a team of multi-
ple threads. According to OpenMP terminology, a primary 
thread is the thread that encounters a parallel construct, 
creates a team of threads, generates a set of implicit tasks, 
and executes one of those tasks as thread number 0. If there 
is only a single team of threads, the initial thread and the 
primary thread refer to the same thread.

2. Work sharing constructs:

• #pragma omp for - Distributes loop iterations among 
threads in a parallel region. There also exists a combined 
construct equivalent to a parallel construct followed by 
a for (#pragma omp parallel for).

2 online, accessed November 5, 2024
2 
• #pragma omp sections - Divides work into separate 
sections that can be executed in parallel.

• #pragma omp single - Specifies a block of code that 
should be executed by only one thread.

3. Tasking:

• #pragma omp task - Creates an explicit task for deferred 
execution within the construct.

• #pragma omp taskwait - Ensures that all child tasks 
created within the current task are completed before the 
execution of the program continues.

4. Synchronization constructs:

• #pragma omp barrier - All threads in the current team 
must reach a barrier before any can continue.

• #pragma omp critical - Ensures that only one thread 
at a time executes a block of code.

5. Scheduling and other clauses:

• schedule(static [,chunk]) - Distributes the iter-
ations of a loop in contiguous blocks, with each thread 
receiving a block of iterations of size chunk.

• schedule(dynamic [,chunk]) - Dynamically assigns 
chunks of iterations to threads at runtime.

• nowait -It is used to remove the implicit barrier at the 
end of certain constructs such as for, sections and
single.

6. Data environment clauses:

• private(list) - Specifies that each thread should have 
its own private copy of the variables in the list.

• firstprivate(list) - Similar to private, but the 
variable is initialized using the value from the initial 
thread.

• lastprivate(list) - Ensures that the value of a pri-
vate variable from the last iteration is copied back to the 
original variable.

• shared(list) - Specifies that variables in the list should 
be shared among all threads in the current team.

• reduction(op:list) - Performs a reduction operation 
on variables across all threads in a team in a parallel 
region.

7. Functions:

• omp_set_num_threads(int) - Sets the number of 
threads to be used in subsequent parallel regions, un-
less overridden by a more specific mechanism (e.g., the
num_threads clause in a parallel directive) or modified 
by another call to omp_set_num_threads.

• omp_get_thread_num() - Returns the unique thread 
number of the calling thread within its team.

• omp_get_wtime() - Returns the elapsed time since 
some point in the past. It is used to measure the execution 
time of a segment of code.

2.2. Limitations of Python for multithreading parallelism

As commented previously, Python has emerged as the most popular 
programming language in recent years [1], renowned for its simplicity, 
productivity, and readability. As a result, we can find Python applica-
tions in practically all scientific areas. However, when the main goal 
is obtaining high performance, Python falls far behind traditional low-
level HPC languages such as C and Fortran. There are two main reasons 
for that behavior.

https://www.openmp.org/specifications
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First, Python is an interpreted programming language, which causes 
an important overhead due to the need for real-time translation of 
source code into machine code during runtime. This problem can be 
mitigated using Just-In-Time (JIT) compilers like Numba [6], which 
translates Python functions to optimized machine code at runtime using 
the LLVM compiler. This approach aims to achieve performance levels 
comparable to those of C or Fortran. However, Numba is optimized 
for numerical computations, so code that involves extensive string 
manipulation, complex data structures, or I/O operations may not see 
significant performance gains. This is the case, for example, of purely 
Pythonic code that relies heavily on built-in data structures like lists 
and dictionaries.

The second issue is related to how Python handles multithreading 
due to the existence of the Global Interpreter Lock (GIL). The GIL is a 
locking mechanism that protects access to Python objects, preventing 
multiple threads from executing Python code simultaneously. The GIL 
was originally introduced to simplify thread management and protect 
against race conditions and memory corruption, making it easier for 
developers to write concurrent code safely. However, since the GIL 
allows only one thread to execute Python code at a time, multithreading 
in Python is unsuitable for CPU-bound tasks where the performance 
gain from parallel execution is significant. In this way, the GIL be-
comes the most important obstacle to take advantage of parallelism 
using multi-core CPUs efficiently in Python. Note that, on the other 
hand, I/O-bound tasks, such as network requests or file operations, 
can benefit from multithreading in Python. In these cases, the GIL is 
released when a thread performs I/O operations, allowing other threads 
to execute Python code.

2.3. Advances towards a multithreading-friendly Python

Python currently offers several methods to enable parallelism, but 
these techniques have significant limitations [2]. For instance, the 
multiprocessing library allows programs to create and interact with 
subprocesses. This facilitates parallelism because each subprocess has 
its own Python interpreter, meaning there is one GIL per process. 
Some examples of applications and libraries that use the multipro-
cessing package to parallelize tasks are the deep learning frameworks 
PyTorch [7] and TensorFlow [8], and the HPC-Big Data framework Ig-
nisHPC [9]. However, multiprocessing has some important drawbacks. 
Communication between processes is limited, as objects typically need 
to be serialized or copied to shared memory. This introduces overhead 
and complicates building APIs on top of multiprocessing. In addition, 
starting a subprocess is more expensive than starting a thread. Finally, 
many C and C++ libraries support multithreading but do not support 
access or usage across multiple processes.

An additional solution to take advantage of parallelism in Python 
(multithreading in this case) is based on the observation that functions 
implemented in C may use multiple threads internally. For instance, 
Intel’s NumPy distribution, among others, employs this approach to 
internally parallelize individual operations. This works well when the 
basic operations are large enough to be parallelized efficiently, but not 
when there are many small operations or when the operations depend 
on some Python code. Note that invoking Python from C requires 
obtaining the GIL, which means even small pieces of Python code can 
prevent scaling.

Another interesting alternative to bring parallel multithreading to 
Python is PyOMP [10,11], which is a prototype system with support 
for OpenMP. As noted earlier, OpenMP API tells the compiler how to 
generate multithreaded code. In the case of PyOMP, Numba acts as the 
compiler, transforming Python code into LLVM, thereby bypassing the 
GIL. Note that the Numba compiler works with NumPy arrays, which 
must be used for any arrays inside a PyOMP function. However, as 
stated previously, Numba, and consequently PyOMP, struggle when 
calling functions or interacting with Python objects. Due to the lack 
of compiler directives in Python, PyOMP uses the with statement 
3 
instead. In this way, for example, to create a parallel region uses: with 
openmp("parallel"):, while the equivalent directive in C/C++ 
API would be: #pragma omp parallel. On the other hand, PyOMP 
supports 90% of the OpenMP Common Core missing nowait and the
dynamic schedule (see Section 2.1).

As we have already discussed, the main factor that severely limits 
the concurrency of multithreaded Python code is the GIL. Despite sev-
eral efforts over the years to remove the GIL [12,13], none have been 
considered for inclusion in the Python interpreter until recently [2]. 
As a result, Python 3.13, whose final release was in October 2024, 
includes a build configuration flag (--disable-gil) to allow it to 
run Python code without the Global Interpreter Lock and with the 
necessary changes needed to make the interpreter thread-safe. This 
will initiate a long process toward making the disabling of the GIL the 
default option in the Python interpreter. Note that a basic JIT compiler 
was also added to Python 3.13 [14], aiming to reduce the performance 
distance with compiled languages such as C and C++.

3. OMP4Py

OMP4Py is a novel implementation of the OpenMP standard, de-
signed specifically for Python. It currently supports the complete spec-
ifications of version 3.0. As explained in Section 2.1, this ensures that 
we cover most of the needs of OpenMP HPC applications and program-
mers. This tool was developed with adherence to the official OpenMP 
documentation,3 which outlines the necessary compiler directives, run-
time library functions, and environment variables required for creating 
shared memory parallel programs using threads. The OpenMP stan-
dard traditionally supports C, C++, and Fortran, which are low-level, 
compiled languages that use specific syntax for parallelism directives, 
as defined in the language standard. These directives are part of the 
OpenMP specification, and while they may differ in syntax between 
languages (such as #pragma in C/C++ or sentinel !$ in Fortran), they 
all serve the same purpose: to manage parallelism during compilation. 
The main goal of OMP4py is to bring the familiar parallelization 
paradigm of OpenMP to Python, allowing Python developers to write 
parallel code with the same level of control and flexibility as in C, C++, 
or Fortran. This tool aims to port the OpenMP model, with all code exe-
cution handled natively using Python threads. This ensures integration 
with Python’s libraries, enabling multi-threaded performance directly 
within Python’s ecosystem.

OMP4Py integrates the core functionalities of OpenMP into Python 
in the following ways:

• Transformer directives: Adapting OpenMP’s directive-based ap-
proach, OMP4Py allows Python users to embed parallel constructs 
directly into their source code. These directives instruct the 
OMP4Py to transform the Python code for parallel execution.

• Runtime library functions: OMP4Py includes a set of runtime li-
brary functions that mirror those provided by OpenMP. These 
functions manage parallel execution parameters, such as the num-
ber of threads and scheduling policies, among others. This feature 
provides users the flexibility to fine-tune the parallel behavior of 
their Python programs.

Since Python lacks a preprocessor, we needed to integrate OpenMP 
directives directly into the Python language while adhering to Python’s 
best practices and idioms. To achieve this, we defined a function omp
that operates similarly to OpenMP directives in C/C++, maintaining the 
same syntax and functionality. The function itself has no effect when 
executed; it serves solely as a container for the OpenMP directives. In 
this way, preprocessor directives in C/C++, such as:

#pragma omp parallel num_threads(2)

3 online, accessed November 5, 2024

https://www.openmp.org/wp-content/uploads/spec30.pdf


C. Piñeiro and J.C. Pichel Future Generation Computer Systems 175 (2026) 108035 
Fig. 1. Example of a Monte Carlo method for 𝜋 calculation using OMP4Py.

would be integrated into Python using OMP4Py as:
with omp("parallel num_threads(2)"):
Note that when a OpenMP directive must be used within structured 

blocks, the omp function is used together as part of a with block 
(similar to PyOMP syntax [11]); otherwise, it is used as a standalone 
function call. Finally, by themselves, calls to the omp function, as 
mentioned earlier, have no effect. Therefore, we must instruct the 
Python interpreter to restructure the code according to the content of 
each OpenMP directive before executing it. To accomplish this task, we 
employ Python decorators. A decorator can be applied to a function or 
class to change its behavior in a very elegant and intuitive way. So, 
we must decorate a function or class containing the OpenMP directives 
with the @omp decorator.

Fig.  1 shows an example of Python code for the parallel calculation 
of 𝜋 using OMP4Py. First, in line 4, the pi function is decorated 
with @omp, indicating that it contains OpenMP directives that need 
to be processed. Next, in line 7, a parallel region is started using
omp("parallel for reduction(+:count)"). This statement in-
structs OMP4Py to parallelize the following for loop, where each thread 
contributes to the reduction operation on count. Finally, line 14 
returns the computed value of 𝜋.

To achieve parallel code generation in Python, we must consider 
that Python is an interpreted language. Unlike lower-level languages 
defined in the OpenMP standard, there is no compilation process where 
we can apply the transformations needed to produce parallel code. 
Instead, following Python’s philosophy, OpenMP code is generated by 
the interpreter itself at the moment the module containing the user’s 
code is loaded. For a Python module to begin execution, all global 
definitions must be loaded, which can include the importation of other 
modules, global variables, and, relevant to our case, the declaration 
of functions or classes. When we apply a decorator to a function or 
class, the interpreter will invoke this decorator with the function or 
class as arguments right after it has finished loading it. The result of 
executing the decorator will replace the original function or class, and 
once the module is fully loaded, the user’s code will only interact with 
the decorated version.

The omp decorator aims to replace all directives within the source 
code of a function or class and generate a new version with parallel 
behavior. The first step is to obtain information about the object repre-
senting the decorated function or class. For this, we use the inspect
module, which allows us to retrieve the source code of the object. Once 
we have the source code, we generate an abstract syntax tree (AST) us-
ing Python’s ast module. The AST provides a simple and transformable 
representation of the source code. The transformation process involves 
an in-order traversal of the AST. Each time a directive is encountered, 
it is parsed and checked for errors before applying the transformations 
to the AST. If any errors are found, the interpreter will abort with a
SyntaxError, just as it would when encountering invalid syntax in 
Python code. After all directives have been processed, the resulting tree 
4 
is transformed into object code using the compile function and loaded 
into the interpreter with exec. Finally, the decorator returns the new 
function or class with the parallel code, replacing the original.

3.1. Parallel directive

In OpenMP, the parallel directive is essential for creating par-
allel programs. This construct allows a specific segment of code to 
execute simultaneously across multiple threads. When a code block 
is preceded by this construct, the program creates a team of threads, 
and each thread, including the original one, executes a copy of the 
code block concurrently. Multiple parallel directives can be nested, 
enabling each thread to create new teams of threads that work in-
dependently. This feature is known as nested parallelism and must 
be enabled with omp_set_nested. By definition in the standard, 
every OpenMP program runs within an implicit single-threaded parallel 
construct. This allows API functions like omp_get_num_threads
or omp_get_thread_num, among others, to operate independently 
of where they are called in the code. If multiple nested parallel
directives are present and omp_set_nested is disabled, only the 
outermost directive spawns threads. Subsequent parallel regions do not 
create new threads; instead, only the existing threads that encounter the 
directive will execute the code.

Variables defined within a parallel block are local to each thread, 
meaning that each thread has its own copy. However, previously de-
fined variables can be either private or shared, according to the 
user’s preference. Shared variables maintain the same value across all 
threads in the current team. Any modifications made by one thread 
are visible to the others, and this shared value persists even after the 
parallel block ends. By default, all variables defined before a parallel 
block are shared. While users can explicitly mark variables as shared, 
they only need to specify which variables should be private. Declaring 
a variable private makes it behave as if it were created inside the 
parallel block, with each thread starting with an uninitialized value. 
Within the parallel region, the private variable is treated independently 
by each thread, and its final value is discarded after the block ends. The 
outer variable remains unaffected by any changes made to the private 
copy during the execution. To retain the value of the outer variable, 
users can employ firstprivate, which initializes each thread’s local 
copy to the variable’s previous value.

The implementation of the parallel directive in Python presents 
two main challenges. First, the code that is meant to run in parallel 
across different threads must be placed inside a function. Second, it 
is necessary to manage variables used both inside and outside the 
code block to determine whether they should be shared or private for 
each thread. Fig.  2 shows an example of a user-defined parallel block 
(top) and the corresponding code generated by OMP4Py for its parallel 
execution (bottom). It is important to note that, in code generation 
examples, the prefix _omp_ will be used for all internal OMP4Py 
symbols, with dynamically created symbols including a number to 
avoid collisions. The example shows a simple function with a parallel 
directive and six representative variables (‘a’ to ‘f’) with different 
types. The first change to observe is that the decorator (line 3, top 
code) and the function containing the directive (line 9, top code) have 
been removed. Once the code is transformed, the decorator is no longer 
needed and must be removed to prevent multiple processing. The 
parallel directive (line 9, top code) has been transformed into a function 
(line 8, bottom code) that will be called by different threads. The
_omp_parallel_run function (line 18, bottom code) is an internal 
OMP4Py function responsible for initializing and launching threads 
using Python’s Thread class. Since the user has specified a number of 
threads with num_threads, we also need to pass this argument. Note 
that the existing thread, or initial thread, is an execution thread as well, 
so only 𝑛𝑢𝑚_𝑡ℎ𝑟𝑒𝑎𝑑𝑠 − 1 additional threads are created.

The next step is to deal with local variables. The parallel block 
(lines 9–16, bottom code) is now within a nested function, a term for 
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Fig. 2. Example of the parallel directive: user code (top) and its corresponding 
translation by OMP4Py (bottom).

functions that are defined inside another function. In Python, nested 
functions can access variables from the outer function. First, variables
a and b are shared; in this case, we implicitly use the nonlocal
keyword (line 9, bottom code) to indicate that any new assignment 
modifies the variable in the outer function rather than creating a new 
one inside the nested function. Additionally, variables c and d are 
declared private, so we create two new variables and replace all their 
uses within parallel block code. Variable c has no initial value (line 10, 
bottom code), while d is initialized using _omp_copy, which creates 
a shadow copy of the variable (line 11, bottom code). Finally, variable
e is not used within the code, and f is a local variable, so they are 
ignored. Consequently, we observe that the internal print statement 
(line 16, bottom code) will show the same shared value of b in each 
thread, while the other values will differ for each thread. However, 
the external print statement (line 20, bottom code) will display the 
modified value of a from within the parallel block (line 13, bottom 
code) but will retain the initial value of c (line 5, bottom code).

3.2. Worksharing constructs

The distribution of work among threads is the base of OpenMP’s 
functionality. A worksharing construct divides execution regions among 
the team of threads created in the most recent parallel directive. 
Common worksharing constructs include for loops, which distribute 
loop iterations among threads, sections, which divide distinct code 
blocks among threads, and single, which ensures that a specific 
section of code is executed by only one thread. Worksharing regions 
are executed as soon as the first thread encounters them. While the first 
thread can begin executing its part of the work immediately, it must 
remain in the worksharing region until all threads in the team reach the 
same point. This is the default behavior for all worksharing constructs, 
5 
Fig. 3. Example of the for directive: user code (top) and its corresponding translation 
by OMP4Py (bottom).

although users can modify it if necessary using the nowait clause. If 
there is only a single thread, the work is still distributed according to 
the scheduling policy, although in this case, the work will be executed 
sequentially since only one thread is available to process it.

3.2.1. For
The for directive is used to parallelize loops, allowing iterations 

to be distributed across multiple threads. Iterations are grouped into 
chunks and assigned to each thread according to a scheduling policy. 
OpenMP defines three scheduling policies: static, dynamic, and guided. 
The static policy assigns chunks to threads in a round-robin fashion, the 
dynamic policy assigns chunks as they are requested by threads using a 
shared variable index, and the guided policy is similar to dynamic but 
the chunk size decreases dynamically with each assignment. Addition-
ally, auto allows the compiler to choose the scheduling policy, while
runtime defers the decision to runtime, where it is determined by an 
environment variable.

The first challenge to implement the for directive in Python is the 
absence of the traditional for loop. In Python, all for loops are con-
structed as foreach loops that iterate over a collection of elements. 
Consequently, to achieve the equivalent of a classic for loop, one must 
use a foreach loop over a range of values generated by the built-in
range function. For example, a simple C-style loop like for(int i 
= 0; i < 10; i++) is equivalent to for i in range(0, 10, 1) in 
Python, where the initial value, final value, and step are specified as 
arguments. It is important to note that ranges cannot be used directly 
to divide the work because Python iterators are sequential, while C++ 
iterators allow random access, enabling direct access to any element, 
size calculation, and arithmetic operations between iterators.

Fig.  3 shows an example of a loop parallelized with the for
directive (top) and its internal implementation generated by OMP4Py 
(bottom). First, we need to note that the for directive must be within 
a parallel directive to distribute the work (lines 6–7, top code). 
Unlike the parallel directive, the for directive must be the unique 
element within the with block; no other statements are allowed in-
side the block except within the loop itself. The implementation of 
this directive is simple: the range function (line 8, top code) is 
replaced by _omp_range (line 7, bottom code), and the scheduling 
and chunk values are passed as keyword arguments to the function. The
_omp_range function is always generated with the three positional 
arguments of range, even if the user does not explicitly specify them. 
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Fig. 4. Example of the for directive with collapse and lastprivate clauses: user code (top) and its corresponding translation by OMP4Py (bottom).
The function, implemented in the OMP4Py runtime, returns a different 
iterator for each thread, which behaves according to the selected 
scheduling policy by returning the values assigned to that thread one 
by one. Once the iterator runs out of elements, it blocks until all other 
iterators have finished. This synchronization is achieved because all 
threads in the current team share a barrier object: once an iterator 
completes, it waits at the barrier until all threads reach it. As previously 
mentioned, this behavior can be avoided using the nowait clause.

Furthermore, the for directive can be extended to multiple nested 
loops using the collapse clause. Parallelizing multiple nested loops 
increases the number of iterations available for distribution among 
threads. This is especially useful when the outer loops have relatively 
few iterations but the total number of iterations across all loops is large. 
When the collapse clause is used, the OMP4Py runtime effectively 
flattens the nested loops into one loop. The number of nested loops to 
collapse is specified as an argument to the clause. The loops must be 
perfectly nested, and the number of iterations in the inner loops must 
not depend on the iteration variable of an outer loop. Fig.  4 shows an 
example of using the collapse clause and its implementation process. 
The translation is similar to the previous case: the ranges of the two 
loops (lines 9–10, top code) are combined into a single loop where
_omp_range (line 10, bottom code) receives the arguments of both 
ranges in tuple format and returns the values for both index variables. 
Finally, the example also illustrates the use of the lastprivate
clause, which is similar to the private clause, but with the added 
feature that the variable is updated with the value assigned in the 
last iteration of the loop. A new variable (line 9, bottom code) is 
created to replace the original variable (line 6, top code) using the
_omp_lastprivate function (line 14, bottom code), which employs 
an if statement to determine which thread performed the last iteration 
and updates the value of the original variable (line 15, bottom code).
6 
3.2.2. Sections
The sections directive divides the work among threads by as-

signing each thread a structured block defined with the section
directive. Therefore, only blocks with the section directive can exist 
within a sections directive. Each block will be executed once by a 
single thread, but the order of execution is not predetermined, and any 
thread may execute one or multiple blocks depending on availability. 
In sequential execution, the blocks are executed in the order of their 
definition. Similar to the for directive, there is a synchronization 
barrier that blocks all threads in the current team until all section 
blocks have been executed. This barrier can also be removed using the
nowait clause.

Fig.  5 shows an example of the sections directive with three 
section blocks (top) and its implementation by OMP4Py (bottom). Each 
block performs a print operation to display a number. In sequential 
execution, the output sequence is always ‘1 2 3’, but with parallel 
execution, the numbers can be printed in any order. The implementa-
tion uses a with block along with the _omp_sections function (line 
5, bottom code), which serves two purposes: first, it sets each section 
block as unexecuted, and second, it provides an exit barrier when all 
blocks have been executed. This is possible because the with block 
calls the __enter__ method on entry and the __exit__ method on 
exit. This mechanism ensures that if nowait is not used, a call to the 
barrier is made at the end of the block. Additionally, a unique identifier 
is assigned to each section block. The _omp_section function (lines 
6, 8 and 10, bottom code) and the if block check whether the block 
has been executed or needs to be executed. If the block has not yet been 
executed, the function returns true and allows one thread to execute it. 
Afterward, any subsequent call to _omp_section for that block will 
return false, preventing additional threads from executing it.

Finally, although not shown in the example, the sections directive 
also supports the lastprivate clause, similar to the for directive 
detailed previously. Its internal implementation mirrors that of the for
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Fig. 5. Example of the sections directive: user code (top) and its corresponding 
translation by OMP4Py (bottom).

Fig. 6. Example of the single directive: user code (top) and its corresponding 
translation by OMP4Py (bottom).

directive, using the identifier number of the last section block as 
an argument to _omp_lastprivate, which checks if the invoking 
thread executed that block.

3.2.3. Single
The single directive specifies a block within a parallel region that 

will be executed only once by a single thread. The thread that executes 
the block is indeterminate; it will be the first thread to reach the block. 
In sequential execution, the directive has no effect since there are no 
additional threads to execute the block. As with other worksharing 
directives, the remaining threads must wait until the block’s execution 
is complete before proceeding. This barrier can also be removed using 
the nowait clause.

Fig.  6 shows an example of user code when using a single
directive (top) and its internal implementation by OMP4Py (bottom). 
In this code, a variable declared with the firstprivate clause (line 
7 
6, top code) creates a private copy for each thread, initialized with the 
value from before the parallel region begins. Inside the single block, 
the variable is incremented by one (line 8, top code). After the single
block finishes, the value of the variable from the thread that executed 
the block is broadcast to all other threads in the team using the
copyprivate clause. Note that variables listed in the copyprivate
clause must be private to each thread. Once the broadcast is complete, 
threads in the team have the updated value and print it (line 9, top 
code).

The implementation of the single directive is similar to that of the
sections directive, requiring a with block to control thread entry 
and exit. The _omp_single function (line 7, bottom code) returns 
true only for the first thread to invoke it, returning false for all other 
threads. This return value is stored in a temporary variable, and the if
block ensures that only the thread that received true executes the di-
rective’s code (line 8, bottom code). The copyprivate clause adds a 
call to the _omp_copyprivate_set function at the end of the block 
(line 10, bottom code), which takes all variables listed in the clause 
as arguments. These values are stored internally and then updated 
in other threads using _omp_copyprivate_get (line 11, bottom 
code) through multiple assignments. The synchronization barrier in the
with block ensures that no thread calls _omp_copyprivate_get
before _omp_copyprivate_set has been invoked by the thread 
that executed the directive. Removing this barrier with nowait would 
require a more complex, inefficient, and hard-to-debug mechanism. 
Consequently, the OpenMP standard restricts the use of copyprivate
and nowait together in the same single directive.

3.3. Tasking directives

OpenMP tasking provides a flexible way to parallelize heteroge-
neous or dynamic workloads. The task directive allows for the cre-
ation of tasks, which are units of work that can be executed by any 
thread in the team. This is particularly useful for applications with 
recursive algorithms, irregular loops, or other patterns where the work-
load cannot be distributed uniformly across threads from the beginning. 
When a thread reaches a task directive, it wraps the associated block of 
code and its data environment into a task, which can then be executed 
by any thread in the current team. A task does not need to be executed 
immediately, it can be stored in a queue for later execution. Threads 
in the team can dynamically take tasks from the queue and execute 
them. Tasks can be executed explicitly with the taskwait directive 
or implicitly when a thread becomes available. In any case, all tasks 
will be completed before the thread team terminates.

The implementation of the task directive is similar to parallel
in the sense that parallel can be considered as a task executed by all 
threads in the team at its start. The definition of the variable scope for 
creating the environment follows the same principles, utilizing clauses 
such as default, private, firstprivate, and shared. There is 
an additional if clause that allows for conditional task creation: if the 
condition evaluates to false, the task is executed immediately instead 
of being enqueued.

Fig.  7 shows the recursive calculation of Fibonacci numbers using 
tasks (top) and its internal implementation generated by OMP4Py (bot-
tom). The algorithm defines the Fibonacci function (line 4, top code), 
which calculates the value for a given 𝑛 by summing the recursive calls 
to the same function for the values 𝑛 − 1 and 𝑛 − 2 (lines 10 and 12, 
top code). The initial call to the Fibonacci function is placed in a single 
block to ensure it is executed by only one thread (line 21, top code), 
while the remainder threads are blocked. The function then creates a 
task for the recursive calculation (lines 9 and 11, top code) and blocks 
the current task until they have been executed (line 13, top code). 
The threads in the team will consume the created tasks and generate 
new tasks until they reach the base cases of 𝑛 = 0 and 𝑛 = 1. The 
code generated by OMP4Py shows the similarities with the parallel
directive. In this way, the code within the task directive (lines 9 and 
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Fig. 7. Fibonacci calculation example using the tasking directives: user code (top) and 
its corresponding translation by OMP4Py (bottom).

11, top code) and the parallel directive (line 19, top code) both 
result in the creation of functions: _omp_task_1, _omp_task_2
(lines 8 and 13 in the bottom code), and _omp_parallel_1 (line 
23, bottom code), respectively. The only notable difference is that
parallel uses the function _omp_parallel_run (line 29, bottom 
code), while task employs _omp_task_submit (lines 12 and 17, 
bottom code) which places the task function into a shared queue. The 
queue is accessible by all threads in the team that will be able to pick up 
the task and execute it. Finally, the taskwait clause is implemented 
as a simple function (line 18, bottom code), which forces the caller 
thread to consume all tasks in the queue until it is empty, at which 
point the function returns.

3.4. Interaction with Python

In this section, we will explain the implementation of the _omp
internal OMP4Py API functions that were introduced in the previous 
sections and how they interact with Python. The generated code uses 
the internal API to manage operations such as thread management 
and work distribution, all implemented with Python code and standard 
libraries, making OMP4Py a pure native Python library.
8 
When a Python program using OMP4Py is executed, a single thread 
begins by running the main program, as in a typical Python script. 
However, it is important to note that before the main program starts, 
the Python interpreter processes all decorators, including omp decora-
tors. So, by the time the main program starts, all OpenMP directives 
within the source code will be replaced with a new pure Python 
version with parallel behavior. According to the OpenMP standard, 
this thread is called the initial thread. OMP4Py initializes the initial 
thread context with the first call to any function in its API. The 
remaining threads created in parallel constructs will be initialized with 
a context derived from the initial thread before they begin execution. 
For this reason, any thread created outside the OMP4Py clauses, for 
instance, using asyncio, concurrent.futures, threading, or 
the multiprocessing module, will not have an associated context 
and will be treated by OMP4Py as an uninitialized initial thread. If 
there is a subsequent call to any function in the OMP4Py API by one of 
these threads, a new OMP4Py context will be created for it. In this way, 
the thread will act as a new initial thread and can independently use 
all the features of OMP4Py, leaving the user responsible for managing 
potential concurrency issues between different instances.

The context in OMP4Py is implemented by a stack object where 
OpenMP construct tasks are stored. In the OpenMP standard, the initial 
thread exists within a single-threaded parallel region. Therefore, the 
initialization of the initial thread’s context involves adding a par-
allel construct task to the stack, allowing the OpenMP API (like
omp_get_thread_num) to be called from any point in the source 
code, ensuring consistent results. The context is stored locally to the 
thread using threading.local.

In a typical execution flow of an OpenMP application, the next task 
added to the stack is the parallel task, which creates a parallel 
region with multiple threads. The _omp_parallel_run function 
is responsible for this process. It works as follows: the initial thread 
creates a context for each new thread, with a stack that is a shadow 
copy of its own. The initial thread then adds the parallel task to 
all stacks, including its own, and finally, using the threading library, 
the threads are created with their respective contexts as arguments. 
The parallel task contains the following information: the thread ID, 
the number of threads, a mutex, a barrier, a shared task list, and a 
shared dictionary. The thread ID and number of threads are critical for 
work distribution and API functions. The mutex and barrier are used 
for constructs like critical and barrier. The shared task list holds 
tasks (created by the task construct) that must be completed before 
the parallel region ends, while the shared dictionary stores common 
data, such as iteration counters for dynamic workloads in a for con-
struct. Exceptions thrown within a parallel region are not automatically 
propagated to the initial thread. Instead, the behavior depends on how 
the exception is handled within each thread: if an exception occurs, 
it must be caught and handled within that thread. OMP4Py catches 
unhandled exceptions in parallel regions to prevent the program from 
terminating unexpectedly, but relying on this behavior is considered 
bad practice.

As explained in Section 3.2.1, the for construct is executed by 
each thread in the parallel region using the _omp_range function, 
which returns an iterator for the thread’s assigned values. For static 
scheduling, each thread divides the work based on its thread ID and 
returns an independent iterator. For dynamic or guided scheduling, the 
thread acquires the mutex, checks the shared dictionary for an iteration 
counter (creating it if needed), and uses it to fetch new work chunks. 
This is done using Python iterators and the yield function. The
sections and section constructs (Section 3.2.2) work similarly, 
where _omp_sections creates a sections task with an empty set, 
and each _omp_section function checks and updates the set to track 
executed sections, all while using the mutex to avoid race conditions.

The _omp_single function (see Section 3.2.3) ensures that only 
one thread within a parallel region executes a section of code. It does 
so by returning the mutex of the region, which locks the code block 
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Fig. 8. Scalability of the different parallel numerical applications. Axes in log scale.
for exclusive access by one thread using the with statement. This 
causes the mutex to be locked at the start of the block and released 
automatically when the block finishes.

The functions _omp_copyprivate_get and
_omp_copyprivate_set facilitate data sharing between threads.
_omp_copyprivate_get retrieves variables from the shared dic-
tionary and makes threads wait for data using threading.Condi-
tion, while _omp_copyprivate_set stores data and notifies other
threads when it becomes available.

Finally, the _omp_task_submit function (Section 3.3) adds a 
task to the shared task list of the current parallel region, enabling it to 
be queued for execution. Tasks are then assigned to available threads 
for execution, either when the parallel block finishes or through the
taskwait construct. The _omp_taskwait function ensures that a 
thread consumes tasks from the shared list, only returning when the 
list is empty. To prevent race conditions, a mutex is used each time a 
thread removes a task for execution.

4. Experimental results

Next, we will evaluate the performance and scalability of different 
Python applications parallelized using OMP4Py. Additionally, we will 
highlight the differences and advantages of having a native OpenMP 
implementation in Python, as provided by OMP4Py, compared to Py-
OMP, which is a Numba-based prototype with OpenMP support.

Experiments were conducted using one server with two 24-core 
Intel Xeon Gold 5220R @2.2 GHz processors and 192 GB of RAM. 
The software used was Python v3.13, NumPy v2.1.1, mpi4py v4.0.0, 
NetworkX v3.3, and PyOMP v0.1 (September 2024). Execution times 
were averaged over 10 measurements for each test.

4.1. Numerical algorithms

We have selected six algorithms that represent different types of nu-
merical application patterns to evaluate the performance and scalability 
of OMP4Py. In particular:
9 
• Fast Fourier Transform (fft). It is an efficient algorithm used to 
compute the Discrete Fourier Transform (DFT) of a sequence, 
allowing for the conversion of a signal from its time domain to 
its frequency domain. Performance tests were run using a complex 
data vector of 4 million numbers.

• Jacobi method (jacobi). It is an iterative algorithm for solving 
systems of linear equations of the form 𝐴 ⋅ 𝑥 = 𝑏, where 𝐴
is a matrix, and 𝑥 and 𝑏 are vectors. At each iteration, the 
solution vector is updated based only on values from the previous 
iteration. We used a square matrix 𝐴 of size 1𝑘×1𝑘, performing up 
to 1,000 iterations, with a stopping criterion of an error tolerance 
of 1 × 10−6.

• LU decomposition (lu). It is a method used to factor a matrix 𝐴 into 
the product of two matrices: a lower triangular matrix 𝐿 and an 
upper triangular matrix 𝑈 , such that 𝐴 = 𝐿 ⋅𝑈 . This factorization 
simplifies solving systems of linear equations, matrix inversion, 
and determinant computation. We applied LU decomposition to a 
square matrix of size 1𝑘 × 1𝑘.

• Molecular dynamics simulation (md). The simulation was con-
ducted to study the motion of particles over time. The velocity 
Verlet integration scheme was employed to update positions, 
velocities, and accelerations. We simulated a system of 2,000 
particles interacting with a central pair potential.

• Computing 𝜋 (pi). The area under the curve 𝑦 = 4
1+𝑥2  between 

0 and 1 provides an approximation for 𝜋. This integral can be 
estimated using numerical summation, where we used 2 billions 
of intervals to compute the approximation.

• QUAD. It is a numerical integration technique that estimates the 
value of an integral using an averaging method. It approximates 
the integral of the function 𝑓 (𝑥) = 50

𝜋⋅(2500⋅𝑥2+1)  over the interval 
from 𝐴 = 0 to 𝐵 = 10. This method involves sampling the function 
at numerous points within the interval to compute an average 
value, which is then used to estimate the integral. For our tests, 
we employed 1 billion iterations.

All the source codes can be found in the OMP4Py repository. 
Fig.  8 shows the execution times of the different parallel benchmarks 
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Fig. 9. Average core usage when running the pi application using different number of 
threads. Time step is 5 s.

using from 1 to 24 threads. It can be observed that the scalabil-
ity of the OMP4Py applications is not good. For instance, only 4 
out of 6 benchmarks benefit from using 4 threads, while using more 
threads consistently proves detrimental to performance. The best over-
all speedup, calculated as the ratio of sequential time to parallel time, 
is 3.18×, obtained for the molecular dynamics application using 4 
threads.

To better understand the behavior of OMP4Py parallel applications, 
as an illustrative example, we will focus on tracking core usage while 
executing the pi application with different thread counts (Fig.  9). The 
profiling was performed using the mpstat command, which is part 
of the sysstat package. This tool provides detailed statistics on CPU 
usage, allowing us to monitor individual core usage and overall system 
performance. The data was captured at 5-second intervals. As observed, 
only with 1, 2, and 4 threads does the average core usage reach 100% or 
close to it, which corresponds to the cases where the parallel code scales 
efficiently (see Fig.  8). However, a significant decrease in core usage 
is detected as the number of threads increases. Specifically, average 
values of only about 54% and 22% were obtained when using 8 and 
16 threads, respectively. The fact that the average core usage remains 
low suggests that thread synchronization overhead (e.g., waiting for 
shared resources) likely prevents the parallel application from scaling 
effectively. Note that this behavior was already identified by Python 
developers and currently remains an open issue.4 In any case, as we 
will demonstrate next through several experiments, it is not related to 
the Python code generated by OMP4Py.

First, we aim to estimate the baseline overhead introduced by 
OMP4Py. To do so, we measured the execution times of numerical 
applications running with OMP4Py using a single thread and in a 
purely sequential manner, without any explicit reference to OMP4Py 
in the user code. Ten measurements were carried out for each version 
and application. The execution time differences between the OMP4Py 
(single-thread) and sequential implementations vary slightly across ap-
plications but remain consistently low, with all differences below 0.2%. 
The results of the Wilcoxon rank-sum test indicate that these differences 
are not statistically significant in all cases, meaning OMP4Py does not 
introduce a meaningful impact on execution time.

Once we established that the overhead introduced by OMP4Py is 
negligible, we will investigate the origin of the poor scalability by 
implementing, as a representative case, three different versions of the
pi application. The user codes are shown in Fig.  10. The first approach 
(top code) is a version in which thread creation, loop iteration distribu-
tion across threads, and final reduction of the 𝜋 value are all handled 
automatically by OMP4Py. The second approach (middle code) replaces 
the automatic distribution of loop iterations performed by OMP4Py 

4 online, accessed July 8, 2025
10 
Fig. 10. User codes for the pi application: (top) OMP4Py (middle) manually paral-
lelized, and (bottom) compute function using Cython.

with manual distribution. While thread creation and the final reduction 
are still managed by OMP4Py, the code explicitly calculates the start 
and end indices for each thread. The compute function is called (lines 
1–5, middle code), taking the calculated range and iterating through 
it to perform the 𝜋 calculation. The workload division is based on 
the number of threads, k, and each thread’s identifier, tid, which 
are retrieved using the omp4py.omp_get_num_threads() and
omp4py.omp_get_thread_num() functions (lines 12–13, middle 
code). This approach represents the explicit version of the code that 
OMP4Py would have generated automatically in the first approach. The 
third version (bottom code) builds upon the second version but incorpo-
rates Cython [15] to optimize the compute routine. Cython compiles 
Python code into highly optimized C code, which is then compiled into 
a shared library. This allows Python to call the function as a native 
extension, bypassing the Python interpreter and significantly improving 
performance. By applying the @cython.compile decorator (line 
1, bottom code), the computation of 𝜋 is further accelerated, as the
compute function is compiled into efficient C code. Note that thread 
creation and reduction for computing 𝜋 remain automatically managed 
by OMP4Py, while loop iteration distribution remains manual. This is 
because the omp4py_pi function is identical to the second version but 
with Cython’s performance enhancements.

Fig.  11 presents the execution times of the three code versions of 
the pi benchmark, using 1 to 24 threads. Note that the results for the 
OMP4Py version (top code in Fig.  10) are the same as those displayed 

https://github.com/python/cpython/issues/118649
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Fig. 11. Scalability of the different user codes shown in Fig.  10 for the pi application. 
Axes in log scale.

in Fig.  8 for the pi application. From these results, several conclusions 
can be drawn:

• Since the performance of the OMP4Py version and the manually 
parallelized version are identical, it can be concluded that the 
overhead of the automatic loop iteration distribution performed 
by OMP4Py is negligible. Furthermore, scalability issues persist 
in both versions, indicating that they are not caused by work 
distribution.

• As expected, the execution times when using Cython to compile 
the compute function are significantly faster than when using 
pure Python. We must highlight that, with one thread, pure 
Python takes about 785 s to calculate 𝜋, whereas the Cython 
version requires only about 10 s. Since the pi application is a 
compute-intensive benchmark, this behavior confirms that these 
performance differences are solely due to the fundamental differ-
ences between compiled (C) and interpreted (Python) languages.

• The scalability of the Cython code is excellent; there are no signs 
of scalability issues. For example, the speedup reaches 21.7×
when using 24 threads. Considering that the only difference be-
tween the manually parallelized version (middle code in Fig.  10) 
and the Cython version is the compute routine, we can conclude 
that the scalability problems are not related to OMP4Py, since the 
overhead of thread creation, loop iteration distribution, and final 
reduction remains the same. Therefore, the only plausible expla-
nation is that inefficiencies exist in the Python interpreter when 
multiple threads execute the compute routine concurrently. In 
any case, these issues cannot be attributed to the code generated 
by OMP4Py.

The previous analysis demonstrates that the current version of the 
Python interpreter (v3.13) still lacks mature support for multithread-
ing, with several unresolved implementation issues that hinder its 
efficient use. In particular, as of February 2025, Python developers 
are dealing with over 100 open issues labeled under the free-threading 
topic—half of which are bugs, and 15 of which correspond to critical 
crashes. While this new version is an important step forward in re-
moving the GIL, it still limits the use of OMP4Py to a small number 
of threads when running numerical (compute-intensive) applications. 
However, it is important to highlight that as these issues in the Python 
interpreter are progressively resolved, the scalability limitations of 
OMP4Py when running numerical applications will gradually disap-
pear. On the other hand, as we will show in Section 4.2, non-numerical 
OMP4Py applications exhibit strong scalability with codes containing 
the same structure and OpenMP directives as those discussed in this 
section.

Finally, for illustrative purposes, Fig.  8 also shows the performance 
results obtained by the applications when compiled using PyOMP 
(Numba). As expected, they are significantly faster than pure Python, as 
11 
Numba compiles Python code into optimized machine code, much like 
Cython, bypassing the slower interpreted execution of standard Python. 
This leads to substantial reductions in the execution times, particularly 
for compute-intensive tasks such as numerical computations. In any 
case, we have observed problems in the scalability of some benchmarks. 
For example, with 24 threads, the best speedups were obtained for the
quad and pi applications. However, these speedups are quite limited, 
reaching only 2.32× and 2.27×, respectively. This corresponds to a 
low parallel efficiency of just 9.7% and 9.5%, calculated as the ratio 
of speedup to the number of threads used, expressed as a percentage.
fft scales only up to 4 threads, while performance degrades for higher 
thread counts. On the other hand, the lu and md applications do not 
scale at all, and their execution times increase as the number of running 
threads grows. Additionally, PyOMP was unable to execute the jacobi
method using more than one thread.

4.2. Applications using non-numerical libraries and Python objects

As we pointed out previously, PyOMP is a fork of the Numba project. 
The Numba library’s njit decorator accelerates Python functions by 
compiling them to machine code, but it imposes limitations on using 
features such as functions from non-Numba-optimized libraries and 
certain Python objects and data structures. Numba provides special 
support for some commonly used libraries like math and numpy, al-
lowing their functions to be called within @njit-compiled functions, 
as these libraries are optimized for machine code compilation. As a 
result, Numba restricts function usage to those either decorated with
@njit or from libraries that Numba specifically optimizes. In contrast, 
OMP4Py, being a native OpenMP implementation for Python, is de-
signed to work with a broader range of code, including those that may 
not be compatible with Numba’s restrictions.

To illustrate the benefits of having this native OpenMP implementa-
tion for Python, we have implemented the following applications using 
OMP4Py (source codes can be found in the repository):

• Graph Clustering. The clustering coefficient of a node is the frac-
tion of possible triangles that pass through that node in an un-
weighted graph. We used a graph with 300k vertices, each con-
nected by 100 edges, as input. The graph generation, storage, and 
clustering algorithm were implemented using the NetworkX [16] 
library. Note that PyOMP cannot run this benchmark because 
Numba is unable to compile the object Graph and the clustering 
algorithm function calls, as they are part of an external library 
that is not optimized for Numba.

• Wordcount. It is a simple algorithm that counts the number of 
occurrences of each word in an input text. We generated a text 
consisting of 1 million characters, featuring words with lengths 
between 3 and 10 letters, with a 10% probability that a new line 
will be added after each word. Note that although more recent 
versions of Numba have increasingly added experimental support 
for Python dictionaries, PyOMP is a fork of an earlier version that 
lacks the necessary support to compile Wordcount dictionaries.

Fig.  12 shows the scalability of the Graph Clustering and Wordcount
applications using up to 48 threads. The scalability of OMP4Py is good, 
especially for Wordcount, which achieves a 25.5× speedup compared 
to sequential execution when using 48 threads. This behavior is very 
different from the performance results obtained for the numerical 
applications (see Fig.  8). However, the structure and OpenMP directives 
used in both types of applications are very similar, with the only 
differences being related to the operations performed inside the loops. 
For example, when closely examining the OMP4Py codes for the 𝜋
calculation (Fig.  10, top code) and the Wordcount application (Fig.  13), 
it can be seen that the OpenMP clauses are semantically identical. In the 
case of a dictionary reduction, the reduction clause cannot be used, 
so a manual implementation with a critical block is necessary. By 
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Fig. 12. Scalability of the Graph Clustering (left) and Wordcount (right) applications. 
Axes in log scale.

contrast, for numerical variables, the reduction clause can be used, 
and OMP4Py automatically generates the corresponding critical
block internally.

So, where do these scalability differences come from? For instance, 
the pi application is an embarrassingly parallel workload consisting 
of a simple numerical loop with only a final reduction step. Each 
iteration performs a small, fixed amount of floating-point arithmetic 
(a few FLOPs), resulting in a very lightweight per-thread workload. 
However, our Intel VTune profiling shows a significant amount of 
waiting time associated with synchronization objects such as internal 
mutexes and semaphores used by the Python interpreter as the number 
of threads increases. This high contention for internal synchronization 
objects limits the effective parallelism, and the overhead of this waiting 
dominates the minimal computation performed per iteration. As a 
result, increasing the number of threads does not improve performance 
and can even degrade it due to additional contention and scheduling 
overhead (see Fig.  8).

In contrast, the Wordcount application has a similar parallel struc-
ture: threads independently process separate chunks of text and then 
merge their results in a final critical section. The key difference is 
that the workload inside each loop iteration is substantially heavier, 
involving string splitting and frequent hash table operations, which are 
far more computationally intensive than the simple arithmetic in pi. 
The VTune profiling shows that while this application also experiences 
waiting time due to internal synchronization, the larger computational 
workload per thread compensates for this overhead, resulting in im-
proved scalability as the thread count increases. The final critical 
section does eventually become a bottleneck, but the overall parallel 
performance remains much more favorable compared to pi.

In summary, both applications follow the same high-level parallel 
pattern, but the VTune results confirm that the difference in per-thread 
workload explains their contrasting scalability: when the parallel work 
is trivial, the cost of the Python interpreter’s internal synchronization 
dominates and limits scaling; when the parallel work is substantial, it 
effectively hides this overhead, allowing better use of multiple threads.

4.3. Hybrid applications combining OMP4Py with mpi4py

One of the main features of OMP4Py is that it can be combined with 
mpi4py [4] to implement hybrid parallel applications that can exploit 
intra- and inter-node parallelism. The mpi4py package provides Python 
bindings for the Message Passing Interface (MPI) standard [17], which 
is the most widely used and dominant programming model in HPC.
12 
Fig. 13. OMP4Py user code for the Wordcount application.

Fig. 14. Scalability of a hybrid implementation (OMP4Py + mpi4py) of the Jacobi 
application using different number of computing nodes. 16 threads per computing node 
were used. Axis in log scale.

It is important to highlight that although mpi4py is a Python 
wrapper for the MPI C library, Numba cannot use MPI code within its 
functions because it treats mpi4py as an external library. Numba’s com-
pilation process focuses on translating Python code to machine code 
but does not include functionality for integrating or compiling external 
libraries like MPI automatically. Even though mpi4py interfaces with 
C, Numba is unaware of how to compile MPI operations into their C 
equivalents. For this reason PyOMP cannot be combined with mpi4py.

As a case study, we implemented a hybrid parallel version of the 
Jacobi application described in Section 4.1. To implement the Jacobi 
method to solve 𝐴𝑥 = 𝑏 using MPI, the matrix 𝐴 and vector 𝑏 are 
distributed across multiple processors, with each processor managing 
a portion of the matrix rows and corresponding elements of the vec-
tor. During each iteration, processors compute updated values of 𝑥
using OpenMP based on their assigned subset of 𝐴 and 𝑏. MPI func-
tion MPI_Allgather is employed to exchange the updated vector 𝑥
among all processors to ensure consistency. Convergence is assessed by 
computing the global error, with MPI_Allreduce used to aggregate 
and verify whether the stopping criterion is satisfied. This code can also 
be found in the OMP4Py repository.

Experiments in this section were performed on a cluster using 
up to 8 computing nodes, each node containing two 24-core Intel 
Xeon Gold 5220R @2.2 GHz processors and 192 GB of RAM. The 
performance results, illustrated in Fig.  14, show speedups of 1.84×, 
3.13× and 4.85× when using 2, 4, and 8 nodes respectively, compared 
to using a single node. These strong scalability results demonstrate 
the potential of OMP4Py to enhance the performance of applications 
currently parallelized using only mpi4py. Tests were conducted using 
16 threads per node.
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Fig. 15. Scalability of parallel numerical applications with Python interpreters: stable 
v3.13 and v3.14 beta 3. Axes are in log scale.

4.4. Performance across stable and new beta versions

We have previously argued that as the performance issues in the 
Python 3.13 interpreter are progressively resolved, the scalability limi-
tations of OMP4Py for numerical applications will gradually diminish. 
The next version of the Python interpreter, 3.14, is scheduled for release 
at the end of 2025, and a beta 3 version of Python 3.14 is currently 
available. We will compare the performance of both versions (the stable 
3.13 vs. 3.14b3) when running numerical applications to demonstrate 
how some synchronization issues are being addressed in the beta 
version and how the behavior of OMP4Py is improving without any 
modifications to its code or the application code. The results are shown 
in Fig.  15. It can be observed that the beta version clearly outperforms 
v3.13 in terms of execution times and scalability. The steep increases in 
execution times from 4 threads onward, observed with v3.13, disappear 
in the beta version. Additionally, all applications with 3.14b3 scale 
up to 8 threads, with some even scaling up to 12 threads (jacobi and
md). Only in one case (jacobi with 4 threads) does v3.13 achieve the 
lowest execution time. These results demonstrate that the performance 
limitations we observed are indeed linked to the current limitations of 
the free-threading implementation and that ongoing improvements to 
the interpreter directly enhance OMP4Py’s scalability without requiring 
modifications to its code.

5. Conclusions

In this paper, we introduce OMP4Py,5 a novel implementation of the 
OpenMP standard designed specifically for Python. It fully supports the 
API specifications of version 3.0, ensuring that we address most of the 
needs of OpenMP HPC applications and programmers. OMP4Py inte-
grates OpenMP into Python by adapting its directive-based approach, 
allowing users to embed parallel constructs directly into their code. 
These transformer directives enable parallel execution by instructing 
OMP4Py to modify the Python code as needed.

The performance evaluation of OMP4Py using Python v3.13 reveals 
limited scalability when using numerical algorithms. Specifically, only 
4 out of 6 benchmarks showed improvement with 4 threads, with 

5 It is publicly available at https://github.com/citiususc/omp4py.
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performance typically degrading when more threads were used. How-
ever, we demonstrated that these scalability issues are due to Python’s 
multithreading limitations in version 3.13, rather than OMP4Py’s im-
plementation. It is important to highlight that as these limitations in 
the Python interpreter are progressively resolved, as demonstrated with 
Python v3.14b3, the scalability constraints of OMP4Py for numerical 
applications will gradually diminish.

Non-numerical applications using Python objects and external li-
braries show much better scalability, achieving up to 25.5× speedup 
with 48 threads. This confirms that OMP4Py works well for a broader 
range of applications compared to PyOMP (Numba), which is restricted 
to numerical algorithms by its inability to handle these types of data 
structures and libraries.

Finally, OMP4Py can be effectively combined with mpi4py to create 
hybrid parallel applications that leverage both intra- and inter-node 
parallelism, demonstrating strong scalability.

In the future, OMP4Py will be extended to support newer versions 
of the OpenMP standard, including versions 4.0 through 6.0. This will 
involve incorporating advanced features such as task dependencies, 
thread teams and support for accelerators. Additionally, the current 
implementation will be optimized by reducing mutex locks and explor-
ing atomic operations, which are commonly used in C-based OpenMP 
implementations.
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