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Abstract
The Message Passing Interface (MPI) standard plays a crucial role
in enabling scientific applications for parallel computing and is
an essential component in high-performance computing (HPC).
However, implementing MPI code manually—especially applying
a proper domain decomposition and communication pattern—is
a challenging and error-prone task. We present ChatMPI, an AI
assistant for MPI parallelization of sequential C codes. In our anal-
ysis, we focus on testing six essential HPC workloads, which are
based on Basic Linear Algebra Subprograms levels 1, 2, and 3 as
well as sparse, stencil, and iterative operations. We analyze the
process of creating ChatMPI by using the ChatHPC library. This
lightweight large language model (LLM)–based infrastructure en-
ables HPC experts to efficiently create and supervise trustworthy
AI capabilities for critical HPC software tasks. We study the data
required for training (fine-tuning) ChatMPI to generate parallel
codes that not only use MPI syntax correctly but also apply HPC
techniques to reduce memory communication and maximize per-
formance by using proper work decomposition. With a relatively
small training dataset composed of a few dozen prompts and fewer
than 15 minutes of fine-tuning on one node equipped with two
NVIDIA H100 GPUs, ChatMPI elevates trustworthiness for MPI
code generation of current LLMs (e.g., Code Llama, ChatGPT-4o
and ChatGPT 5). Additionally, we evaluate the performance of the
MPI codes generated by ChatMPI in comparison with the ones
generated by ChatGPT-4o and ChatGPT-5. The codes generated
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by ChatMPI provide up to a 4× boost in performance by using
better problem decomposition, communication patterns, and HPC
techniques (e.g., communication avoiding).
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1 Motivation, Hypothesis, Objectives, and
Contributions

Since the release of ChatGPT in 2022, large language models (LLMs)
have dominated the landscape of computing and influenced every
domain of human-computer interaction. Most research revolves
around the impact of AI on science, and high-performance comput-
ing (HPC) is no exception as the community identifies high-return
research directions [32]. Moreover, HPC software development is
itself a highly iterative and scientific process, in which the goal is
scientific discovery attainable only at large computing scales.

Introduced in the mid-1990s to address the complexity of pro-
gramming HPC systems, the Message Passing Interface (MPI) [40]
has become the de facto portable standard for parallel network
communication programming. All major HPC vendors support the
set of standard functions and subroutines provided by MPI, and
many implementations are available for C and Fortran. Thus, MPI’s
impact can be associated with HPC for the past three decades,
and the standard continues to evolve. The latest MPI version (5.0),
which was released in June 2025, added application binary interface
standardization for implementation interoperability. Although MPI
is widely used, its complexity and programming model require a
shift from traditional serial computing structures (e.g., for loops, if
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branches, memory management). Consequently, MPI paralleliza-
tion strategies still present a steep learning curve within a parallel
computing system.

MPI applications demand effective parallelization, optimiza-
tion, and performance through the proper application of HPC
fundamentals—parallel processing techniques that can significantly
speed up computation and communication on HPC systems. How-
ever, these techniques require significant expertise, which can pose
challenges for developers. Recent advances in LLMs offer a promis-
ing solution by automating and enhancing complex programming
tasks, thereby accelerating the development process. The moti-
vation of this work is to evaluate and enhance the capabilities of
current LLMs for generating MPI codes. The LLM-generated MPI
codes must provide good performance through the effective use of
HPC fundamentals (e.g., problem decomposition, communication
patterns).

The starting point for our investigation and experimentation is
verifying thehypothesis: “LLMs can parallelize sequential programs
into fully functional and well-performing MPI codes.”

Then, the objective of this work is twofold: (1) training LLMs
to generate functional MPI codes (i.e., codes that implement MPI
syntax correctly and can be compiled and run) from a collection of
sequential codes that implement essential HPC workloads and (2)
enabling LLMs to implement well-performing MPI codes that lever-
age HPC fundamentals by making informed decisions regarding
work decomposition to minimize communication and maximize
performance and scalability where possible.

Finally, the contributions of this work are as follows:

• The implementation of ChatMPI, an AI assistant designed
to support HPC developers in the MPI parallelization of
sequential C codes. ChatMPI was created with the ChatHPC
library, a lightweight LLM–based infrastructure that enables
HPC experts to efficiently create and supervise trustworthy
AI capabilities for critical HPC software tasks.

• A demonstration and an evaluation of ChatMPI on essential
HPC workloads, including all three levels of the Basic Lin-
ear Algebra Subprograms (BLAS) library as well as sparse,
stencil, and iterative operations. We study the requirements
for training and testing data and fine-tuning. We also show
the correctness levels and performance achieved by the MPI
code generated by ChatMPI in comparison with three other
reference models: Code Llama, ChatGPT-4o and ChatGPT-5.

2 ChatHPC
The ChatHPC ecosystem comprises the ChatHPC library and a col-
lection of fine-tuned AI assistants created by the ChatHPC library
for the specific tasks that constitute the essential parts of the HPC
software stack. As Fig. 1 illustrates, creating a new AI assistant in
ChatHPC involves a three-step iterative process: (1) fine-tuning,
(2) testing, and (3) refinement.

The (1) fine-tuning process creates a parameter-efficient
adapter for each AI assistant by using the (A) training data and a
JavaScript Object Notation (JSON) file with a set of prompt-context-
answer tuples and data about the capabilities to be created (Fig. 2).
In our case, this data usually occupies only a few kilobytes of mem-
ory. The (B) adapters are small and trainable modules added to the

base LLM to enable lightweight and efficient fine-tuning for specific
tasks, thereby preserving the original model knowledgewhile adapt-
ing to new scenarios. Each adapter (AI assistant) requires about
100 MB of memory. The (I) base model—Code Llama with 7 billion
parameters (13 GB) in our case—does not need to be replicated. This
scalable approach allows the HPC community to simultaneously
work on multiple AI assistants and requires modest computational
resources. Code Llama is trained for multiple programming lan-
guages (Python, C++, Java, PHP, TypeScript, C#, and Bash) to cover
a wide range of applications. Code Llama achieves performance
comparable to that of other open models on several code bench-
marks with support for large input contexts. Its ability to handle
long sequences of code relies on measuring perplexity [27] over 4
million tokens from the code dataset and key retrieval [21]. Code
Llama uses execution feedback to select data to train the model—a
self-instruction dataset that resulted in about 14,000 question-tests-
solution triplets, 62,000 interview-style programming questions,
and about 52,000 questions. Code Llama is based on the Llama 2
models, which are trained on 2 trillion tokens of text, including 80
billion tokens of code. Code Llama is the result of tuning Llama
2 models on 500 billion extra tokens that consist mostly of code
(85%). (2) Testing focuses on checking whether the model is built
correctly according to its design specifications and ensures that
the model meets the intended user needs and performs well. This
occurs after fine-tuning when a functional AI assistant is available
for testing using (C) testing data that differs from that used during
fine-tuning (training data). The testing data may contain prompts
about capabilities not related to the capabilities created. (3) Refine-
ments are made after testing when (D) learning gaps (i.e., prompts
in the testing data that did not receive good responses) are identi-
fied. This expert-guided refinement consists of complementing the
training data with additional information called (E) refinement data,
which covers the deficiencies found during validation for a new
fine-tuning process. This iterative process allows AI assistants to
dynamically learn and adapt to complex tasks as more learning gaps
are identified. Although a user can interact with each AI assistant
(adapters) individually, these adapters can also be merged with the
base model’s weights, if necessary, to create a single LLM model
file—(II) the ChatHPC model in Fig. 1.

The ChatHPC library relies on well-known, robust, efficient, and
widely used tools and languages, including the aforementioned
open-source Meta Code Llama LLM [29], the low-rank adapta-
tion [18] tool used for fine-tuning pretrained LLMs, and the open-
source PyTorch [26] Python framework used for building machine
learning models. We also implemented a Python command line
interface (CLI) library in ChatHPC for ease of use (Fig. 3). By in-
tegrating these widely used tools and methods, we aim to make
the ChatHPC library interoperable and compatible with other im-
portant efforts within the AI community (e.g., Ollama [2], Hugging
Face [1]) while ensuring usability.

3 ChatMPI
ChatMPI is an AI assistant created with the ChatHPC library to
generate parallel MPI code from a given sequential code. We tar-
get the generation of MPI codes that use the MPI syntax correctly
and demonstrate good HPC capabilities by using proper workload
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Figure 1: The ChatHPC ecosystem.

[
{"question": "Can you parallelize this sequential code to MPI?
int n = 5000;
float sum = 0.0;
float *x = malloc(n*sizeof(float));
float *y = malloc(n*sizeof(float));
for (i = 0, i < n, i++) {
sum += x[i] * y[i];

}
free(x);
free(y);",
"context": "Sequential to MPI translation",
"answer": "
int size, rank;
MPI_Init(NULL, NULL);
MPI_Comm_size(MPI_COMM_WORLD, &size);
MPI_Comm_rank(MPI_COMM_WORLD, &rank);
int n = ceil(5000/size);
float lsum = 0.0;
float gsum = 0.0;
float *x = malloc(n*sizeof(float));
float *y = malloc(n*sizeof(float));
for (i = 0, i < n, i++) {
local_sum += x[i] * y[i];

}
MPI_Reduce(&lsum,&gsum,1,MPI_FLOAT,MPI_SUM,0,MPI_COMM_WORLD);
free(x);
free(y);
MPI_Finalize();"
},

]

[
{"question": "Can you parallelize this sequential code to MPI?
int n = 500;
float *u = malloc(n*n*sizeof(float));
float *u_new = malloc(n*n*sizeof(float));
for (int i = 1; i < n-1; i++) {
for (int j = 1; j < n-1; j++) {
u_new[i*n+j] = 0.25*(u[(i-1)*n+j]+ ...

}
}
free(u);
free(u_new);
"context": "Sequential to MPI translation",
"answer": "
int size, rank;
MPI_Status status;
MPI_Init(NULL, NULL);
MPI_Comm_size(MPI_COMM_WORLD, &size);
MPI_Comm_rank(MPI_COMM_WORLD, &rank);
int n = 500;
int local_n = ceil(500/size) + 2;
float *u = malloc(n*local_n*sizeof(float));
float *u_new = malloc(n*local_n*sizeof(float));
if (rank > 0) {
MPI_Send(&u[1],1,MPI_FLOAT,rank-1,0,MPI_COMM_WORLD);
MPI_Recv(&u[0],1,MPI_FLOAT,rank-1,0,MPI_COMM_WORLD,&status);

}
if (rank < size-1) {
MPI_Recv(&u[n-1],1,MPI_FLOAT,rank+1,0,MPI_COMM_WORLD, &status);
MPI_Send(&u[n-2],1,MPI_FLOAT,rank+1,0,MPI_COMM_WORLD);

}
for (int i = 1; i < local_n-1; i++) {
for (int j = 1; j < n-1; j++) {
u_new[i*n+j] = 0.25*(u[(i-1)*n+j] + ...

}
}
free(u);
free(u_new);
MPI_Finalize();
},

]

Figure 2: Examples of JSON items used to train (fine-tune) ChatMPI for different HPC domains: (left) BLAS 1 and (right) 5-point
2D stencil.

decomposition that minimizes communication and maximizes scal-
ability. Our target is the MPI parallelization of sequential C codes.
Essentially, users provide a sequential code, and ChatMPI provides
an equivalent code (in terms of functionality) implemented in MPI.
So, in this case, we use only one training context in our fine-tuning
process (sequential to MPI translation in Fig. 2) with the data used
for both training and testing.

We focus on essential HPC workloads widely used by HPC appli-
cations, including BLAS, stencil-based algorithms, computations on
sparse matrices, and iterative solvers, among others. Initially, we do
not provide a complete list of kernels for the fine-tuning but rather
a subset of representative cases, including level 1 BLAS kernels,
stencil operations, and sparse matrix–vector multiplication (SpMV)
using a compressed sparse row (CSR) format. For the initial training
data, we use about 20 different question-context-answer samples in
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ChatHPC CLI:

$ cha thpc t r a i n # Fine − tune the a s s i s t a n t .
$ cha thpc v e r i f y # Ve r i f y the a s s i s t a n t on t r a i n i n g s e t .
$ cha thpc t e s t # Te s t the a s s i s t a n t on unseen da t a .
$ cha thpc run # I n t e r a c t i v l y run the a s s i s t a n t .

Interactively run session:

$ cha thpc ( ) > / c on t e x t
Contex t : I n t r o d u c t i o n to Kokkos
$ cha thpc ( I n t r o d u c t i o n to Kokkos ) > What i s L ayou tL e f t ?
L ayou tL e f t r e f e r s to column−major l a y ou t where c on s e c u t i v e e n t r i e s in the same column o f a 2D a r r ay a r e con t i guous in memory .

Figure 3: Example of the CLI for the ChatHPC Python library.

total. Our approach involves withholding some information during
the initial fine-tuning so that we can study the quantity and quality
of the data required for a state-of-the-art code LLM to effectively
learn MPI parallelization.

As shown in Fig. 4, every chosen category or characteristic test
case for this analysis represents different challenges in MPI par-
allelization. Each category requires a different decomposition or
different uses of MPI routines, including collective or point-to-point
communications, covering an important part of the MPI specifi-
cation. In some cases, the same test case (e.g., iterative solvers)
requires the use of different MPI communication and workload
decompositions in the same code.

Although the methodology for creating AI assistants is the same
(Fig. 1), the data required differs depending on the contexts or ca-
pabilities to be created. These efforts may require more or less data
depending on the challenges of effective MPI parallelization and
the required knowledge to generate well-performing MPI parallel
codes. Additionally, depending on the similarities between prompts
(e.g., input source code) and the potential responses (e.g., output
MPI source code), we may need larger or smaller training datasets.
Generally, the more recurring and repetitive patterns that exist
between prompts and responses, the better the LLM can identify
the necessary code transformations. This allows AI assistants to
make predictions and understand new situations or capabilities
based on the knowledge gained from these repeating patterns and
without additional fine-tuning data.

4 Analysis
We divide the evaluation into different parts targeting essential HPC
workloads: BLAS levels 1, 2, and 3 and sparse, stencil, and iterative
operations. We measure this trustworthiness as the percentage of
the prompts in the testing dataset that were answered correctly
by the ChatHPC AI assistant and the reference LLMs (i.e., Code
Llama base model, ChatGPT-4o and ChatGPT-5 models). Both the
sequential input codes and the parallel MPI output codes are writ-
ten in C. For fine-tuning, we use one computational node equipped
with two NVIDIA H100 GPUs. The time required to create the AI
assistant presented in this work is always fewer than 15 minutes.
The training is conducted with a batch size of 128 and 1,200 tokens.
Unlike other AI assistants created by ChatHPC, this one requires a
higher number of tokens. We use the same number of tokens for
both training and testing (inference). For the fine-tuning, we use
400 iterations and a learning rate of 3𝑒−4, although most of the

capabilities can be trained with about 200–250 iterations. FP16 pre-
cision is used for training and inference. This evaluation reveals the
level of correctness and performance for the different capabilities
created for ChatMPI.

This evaluation answers the following questions: (1) Is it possible
to create correct and performant MPI capabilities by fine-tuning
LLMs? (2) How much effort would that require? (3) How well do
these capabilities perform when compared with state-of-the-art
LLMs? In our analysis, we include the results provided by Meta’s
Code Llama base model (7 billion parameters) without fine-tuning
and OpenAI’s ChatGPT-4o and ChatGPT-5 models. ChatGPT-4o is
a mixture of 8 × 222 billion parameter LLMs for a total of approxi-
mately 1.8 trillion parameters. This puts ChatGPT-4o at about 257×
more parameters than our Code Llama base model. ChatGPT-5
introduces architectural changes beyond parameter count towards
a more deliberate model with multi-step reasoning. These changes
aim to improve accuracy to handle complex tasks in areas of coding
and problem-solving.

4.1 BLAS
BLAS [10] is a standard library composed of a collection of rou-
tines for performing fundamental linear algebra operations, such as
vector and matrix manipulations. BLAS provides a set of essential
building blocks used in many numerical computations and scien-
tific applications. BLAS comprises three levels, each specialized
in a specific type of operation: vector-vector operations in level 1,
matrix-vector operations in level 2, and matrix-matrix operations
in level 3. In terms of MPI implementation, every higher level in
the BLAS library introduces a higher degree of complexity that
requires more advanced techniques to achieve a good scalability.

4.1.1 BLAS 1. Level 1 of BLAS performs scalar, vector, and vector-
vector operations. We can categorize two main patterns at this
level: (1) vector (embarrassingly) parallelism, in which the same
operation or instruction must be applied to each element of 1D
array(s), and (2) array reduction, which combines all elements of
an array into a single value by using a specified operation.

Training and testing datasets: For the training dataset (fine-
tuning), we focus only on two well-known and important BLAS 1
operations that represent very well the two categories or charac-
teristic patterns mentioned before: AXPY, which performs a scalar-
vector multiplication and vector addition, and DOT product, which
takes two vectors and returns the sum of the products of correspond-
ing elements in two input vectors. Whereas no MPI communication
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Figure 4: MPI patterns associated with the three BLAS levels and the sparse, stencil, and iterative computations.

is needed for the AXPY operation, DOT requires at least one MPI
collective communication to combine partial results from multiple
MPI processes into a single result. Note that for the MPI imple-
mentation of this operation, we use the MPI_Reduce primitive (see
Fig. 2). For the testing dataset, we use a collection of prompts (se-
quential codes) that implement other BLAS 1 routines not included
in the training dataset, such as SCAL or ASUM routines.

Analysis: By using only two examples (AXPY and DOT) for
fine-tuning, ChatMPI provides functional and high-quality MPI
codes for other BLAS 1 routines. Our base model (Code Llama with
no fine-tuning) cannot provide any functional MPI code for the
same test cases (prompts). This confirms that Code Llama has not
been exposed to MPI syntax or coding. The codes provided by both
OpenAI’s models are very similar in this case. Although ChatGPT
models provide functional MPI codes for BLAS 1 routines, the codes
generated contain unnecessary MPI-collective gather and scatter
primitives to distribute and collect the inputs and outputs by using
only MPI rank 0. This practice, which is repeated across all the
test cases evaluated in this work, adds unnecessary overhead that
affects scalability and performance. The impact of this overhead
on overall performance can be significant (between 10% and 80%)
depending on the nature of the operations to be computed. This
may also add extra memory in some cases. Instead, these operations
can be performed in parallel by involving all MPI ranks or using
specialized parallel I/O libraries such as HDF5 [4] or ADIOS2 [13]. In
the codes used for ChatMPI fine-tuning, we initialize and distribute
data across all MPI ranks.

4.1.2 BLAS 2 and 3. Levels 2 and 3 [22, 23, 34] of BLAS present
more complicated and challenging operations than the ones for
BLAS 1, performing matrix-vector (BLAS 2) or matrix-matrix (BLAS
3) computations. The most representative operations of these two
BLAS levels are GEMV, which performs a general matrix-vector
multiplication by using one input matrix and one input vector and
a second vector to store the result, and GEMM, which performs a
general matrix-matrix multiplication by using two input matrices
and storing the result in a separate third matrix. Similar to level
1, two dominant patterns emerge according to the shape of the
matrices: (1) where the matrices involved in the operations are
general matrices, such as GEMV or GEMM, and (2) when the input
matrix has a triangular form, such as TRSV or SYMM, where the
operations are applied to a specific area of the matrices. A triangular
matrix is one in which all elements either above or below the main
diagonal are zero.

Training and testing datasets: Unlike the previous test case,
here the decomposition of the problem becomes more important
and relevant. We used a well-known approach that consists of
decomposing the input matrices into blocks of rows or columns
depending on the operation to ensure an even workload decom-
position between MPI ranks (see Fig. 5). Initially, we used only
GEMV and GEMM codes for the ChatMPI fine-tuning. This proved
insufficient for ChatMPI to provide functional MPI codes for the
remaining BLAS 2 and 3 routines that involve triangular matrices.
To fill that learning gap, we added the implementation of at least
one triangular operation for both BLAS levels (e.g., TRMV for level
2 and TRMM for level 3) during fine-tuning. Similar to BLAS 1
testing, the testing involved a collection of BLAS 2 and 3 routines
(sequential implementations to be parallelized with MPI).

Figure 5: SYMM decomposition for (A and B) input and (C)
output matrices used by (left) ChatMPI and (right) ChatGPT-
4o and ChatGPT-5.

Analysis: The initial training dataset was supplemented with
at least one case that involved triangular matrices for both BLAS
2 and 3. After this addition, ChatMPI provided effective MPI im-
plementations for the last two levels of the BLAS library. In this
case, ChatGPT-4o and ChatGPT-5 provided the same functional
MPI codes for both BLAS 2 and 3 but used a different approach: it
decomposed only a subset of the matrices (e.g., matrices A and C
for BLAS level 3 SYMM and GEMM routines) and replicated the
same matrix (e.g., matrix B for BLAS level 3 SYMM and GEMM rou-
tines) across all the MPI ranks (see Fig. 5). Although this is a valid
functional approach, it may impact the performance and scalability
due to the imbalance found in the decomposition of the problem.

As shown in Fig. 6, by using a better decomposition, ChatMPI can
provide a more scalable and higher-performing code than the one
generated by ChatGPT models, achieving up to a 4× speedup when
using 64 MPI ranks. Note that the speedup is the ratio between the
time consumed by the MPI code generated by ChatGPT models
(omitting the time consumed by the initial scatter and final gather
MPI-collective communication) and the time consumed by the code
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generated by ChatMPI. For this analysis, we used one computational
node with one AMD EPYC 7742 (Rome) 64-core CPU and 1 TB of
memory. We used OpenMPI (mpicc and mpirun) version 5.0.1 for
MPI runs.

Figure 6: Performance (strong scaling)—in (left) seconds—
of the MPI codes generated by ChatGPT-4o and ChatGPT-5
(with and without the initial scatter and final gather collec-
tive communication) andChatMPI for BLAS level 3 SYMMop-
eration (M, N, K = 2,000). We also include the (right) speedup
achieved by the MPI code generated by ChatMPI over the
one generated by ChatGPT models, excluding the time spent
on the initial scatter and final gather.

4.2 Sparse
Sparse computation in HPC involves performing calculations on
matrices with a high proportion of zero values. Sparse data pre-
vails in diverse HPC applications, including scientific computing
and machine learning. Here, we focus on probably the most pop-
ular and widely used sparse computation in HPC: SpMV [6]. The
relevance of the SpMV kernel is evident in the wide range of ven-
dors and open-source libraries and the many applications that use
it [3, 11, 16, 17, 20]. This computation is characterized by the use of
sparse formats or methods that store only the information (indexes
and values) of the nonzero elements of a sparse matrix. We can
find multiple formats to represent a sparse matrix, and the CSR
and compressed sparse column (CSC) formats are the most com-
monly used. The implementation or pattern found in the SpMV
implementations can greatly differ depending on the format used
to represent the nonzero elements of a sparse matrix. These dif-
ferences are highly relevant for MPI implementation. For instance,
whereas the implementation of SpMV using CSR may not require
MPI communication, the implementation using CSC requires a dif-
ferent decomposition of the problem and nontrivial MPI collective
communications (see Fig. 7). This makes the problem especially
challenging and more demanding than the previous tests cases in
terms of the data required for fine-tuning.

Training and testing datasets: Generally, the more recurring
and repetitive patterns that exist between prompts (sequential C

codes) and responses (parallel MPI codes), the better the LLM can
identify the necessary code transformations. This is demonstrated
in the previous test cases, where with a relatively small number of
training (JSON) items (question-context-answer tuples), ChatMPI
can parallelize multiple sequential codes that, although different
from the ones used for the training, share similar patterns. In this
case, we used the sequential and MPI implementation of the SpMV
using CSR as an initial training dataset. For testing, we used a set
of different sequential implementations of SpMV using different
formats, such as CSC. This was not enough for ChatMPI to par-
allelize these codes to MPI correctly. This is due to the important
differences between the different implementations (see Fig. 7). To
fill that learning gap, we trained ChatMPI with the implementations
of SpMV using different formats, making this scenario the most
demanding among those tested in this work in terms of required
training data for fine-tuning.

Analysis: Both ChatMPI and ChatGPTmodels (e.g., ChatGPT-4o
and ChatGPT-5) provide functional MPI codes for sparse computa-
tion. In fact, all these models use similar approaches for problem de-
composition and MPI implementation. We analyze the performance
impact of the MPI implementation decisions made by ChatGPT
models and ChatMPI for SpMV using CSR. All the three models use
a similar strategy in terms of decomposition of the problem. They
essentially replicate the information about the sparse matrix and x
vector and only partition the y vector. This is a common practice
in MPI for these kinds of applications. The MPI codes generated by
ChatGPT-4o and ChatGPT-5 were identical and generally correct,
and used proper MPI syntax; however, they included unnecessary
communication. For instance, the codes generated by these model
initialize sparse matrix and vector x values in the first MPI rank and
distribute (scatter) them among other MPI ranks. This is unneces-
sary because all the MPI ranks can make the same initialization in
parallel, avoiding communication by replicating computation (com-
munication avoiding). This is the approach followed by ChatMPI.
All these decisions have important consequences in terms of per-
formance. As shown in Fig. 8, the ChatMPI codes provide speedups
between 1.6× and 1.9× compared with those generated by ChatGPT
models. For this analysis, we use a synthetic sparse matrix with a
sparsity of about 0.001%. The size of the matrix (M = N) is doubled
from 1, 000, 000 on 4 MPI ranks up to 8, 000, 000 on 32 MPI ranks.
The conclusions are the same when using other sparse formats.

4.3 Stencil
The stencil computation pattern is widely used in HPC for multiple
domains, such as weather prediction, seismic and wave propagation
simulations, fluid simulations, image processing, and convolutional
neural networks, just to mention a few [42]. These operations are
characterized by two factors: (1) the dimension of the domain (e.g.,
1D, 2D, 3D, . . . ) and (2) the degree of freedom or order of complex-
ity [14]. The latter describes the number of points considered for the
stencil computation (e.g., 3-point, 5-point, 9-point, . . . ). Depending
on the requirements of the simulation, the precision of the results,
or the hardware limitations, one can decide which configuration is
more appropriate.
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int n, nnz;
MPI_Init(NULL, NULL);
int rank, size;
MPI_Comm_rank(MPI_COMM_WORLD, &rank);
MPI_Comm_size(MPI_COMM_WORLD, &size);
int local_n = n / size;
int start = rank * local_n;
int end = start + local_n;
float * x = malloc(n * sizeof(float));
float *y = malloc(local_n * sizeof(float));
float *val = malloc(nnz * sizeof(float));
int *col = malloc(nnz * sizeof(int));
int *row = malloc((n + 1) * sizeof(int));
// Initialization of the matrix and vectors
for (int i = start; i < end; i++) {
float sum = 0.0f;
for (int j = row[i]; j < row[i + 1]; j++) {
sum += val[j] * x[(int)col[j]];

}
y[i - start] = sum;

}
free(x);
free(y);
free(val);
free(col);
free(row);
MPI_Finalize();

int nrow, ncol, nnz;
MPI_Init(&argc, &argv);
int rank, size;
MPI_Comm_rank(MPI_COMM_WORLD, &rank);
MPI_Comm_size(MPI_COMM_WORLD, &size);
int local_ncol = ncol / size;
int start_col = rank * cols_per_proc;
int end_col = start_col + local_ncol;
float *x = malloc(ncol * sizeof(float));
float *y_local = calloc(nrow, sizeof(float));
int *col_ptr = col_ptr = malloc((ncol + 1) * sizeof(int));
int *row_ind = malloc(nnz * sizeof(int));
float *val = malloc(nnz * sizeof(float));
// Initialization of the matrix and vectors
for (int i = start_col; i < end_col; i++) {
for (int j = col_ptr[i]; j < col_ptr[i + 1]; j++) {
y_local[row_ind[j]] += val[j] * x[i];

}
}
float *y_global = NULL;
if (rank == 0) y_global = malloc(nrow * sizeof(float));
MPI_Reduce(y_local, y_global, nrow, MPI_FLOAT, MPI_SUM, 0, MPI_COMM_WORLD);
free(x);
free(y_local);
free(row_ind);
free(col_ptr);
free(val);
MPI_Finalize();

Figure 7: MPI pseudocode for SpMV using (left) CSR and (right) CSC formats.

Figure 8: Performance (weak scaling)—in (left) seconds—of
the MPI codes generated by ChatGPT models and ChatMPI
for SpMV using the CSR format. We also include the (right)
speedup achieved by the MPI code generated by ChatMPI
over the one generated by ChatGPT-4o/-5.

Training and testing datasets: To cover a wide domain re-
garding this kind of computation and to analyze the capabilities
of modern LLMs for this target in terms of data required for fine-
tuning and the quality of the MPI code generated, we divide this
analysis into three test cases according to the dimension of the
domain. Initially, according to our approach of not providing all
available information during the initial fine-tuning, we focus on
the simplest stencil operations according to the dimensions of the
simulation domain: 3-point (1D), 5-point (2D), and 9-point (3D).
MPI communication is required for stencil computations to com-
municate the boundaries of the subdomains assigned to each MPI
rank. These boundaries are known as ghost cells, which are used to

store copies of data from neighboring partitions, facilitating com-
putations that require data from adjacent regions without needing
to constantly communicate across processors. For training, we de-
compose the domain into one dimension only (row-major), thereby
reducing extra data for communication (ghost cells), minimizing
the number of MPI communications, and maximizing performance
(see Fig. 9). The exchange of ghost cells between MPI ranks is com-
puted viaMPI point-to-point communication using MPI_Send/Recv
primitives. For the testing dataset, we use a collection of stencil
operations that represent more complex scenarios, increasing either
the number of arrays involved in the computation or the number
of points of the stencil (e.g., degree of freedom). For instance, for
1D domains, we use sparse tridiagonal matrix-vector multiplication
in the testing dataset, whereas for 2D and 3D domains, we use the
more complex 9-point (2D) and 11-point (3D) kernels.

Figure 9: Diagram of the stencil domain (1D, 2D, and 3D) de-
composition and communication pattern used for ChatMPI
training.

Analysis: After fine-tuning, ChatMPI generates high-quality
MPI code for all the test cases—sparse-tridiagonal matrix-vector
multiplication (1D), 9-point (2D), and 11-point (3D) stencils—
following the patterns described in the training dataset regarding
work decomposition and MPI communication (MPI_Send/Recv).
Unlike ChatMPI, our base Code Llama model cannot provide any
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functional MPI code. On the other hand, ChatGPT-4o provides func-
tional MPI code for the first test case (sparse tridiagonal matrix-
vector multiplication) using MPI nonblocking communication (e.g.,
MPI_Isend/Irecv), although that was not explicitly indicated in
the prompt. Unfortunately, ChatGPT-4o does not provide functional
MPI code for the other two test cases: 9-point (2D) and 11-point (3D)
stencil computations. Although the codes generated demonstrate a
good decomposition of the domain, very similar to the one used in
the ChatMPI training, the codes do not use MPI syntax correctly,
failing in the indexes of the arrays used for communication and the
MPI rank IDs. In this case, both OpenAI’s models generate different
MPI codes. Unlike ChatGPT-4o, ChatGPT-5 generates functional
code for all test cases. For the 1D test case, the code generated by
this model uses blocking MPI point-to-point MPI_Sendrecv primi-
tives. However, for the 2D and 3D tests, ChatGPT-5 uses the same
nonblocking communication used by ChatGPT-4o model for the
parallelization of the 1D test case.

Fig. 10 illustrates the performance of the MPI codes generated
by ChatMPI and both OpenAI’s models (e.g., ChatGPT-4o and
ChatGPT-5) for the only test case in which all the models could
generate a functional MPI code (i.e., tridiagonal matrix-vector mul-
tiplication for a matrix size equal to 50 million). As mentioned
before, the MPI codes generated by OpenAI’s model include unnec-
essary collective communication. In the case of the code generated
by ChatGPT-4o, the code includes initial scatter and final gather
MPI-collective communications to distribute and collect results
using MPI rank 0. In the case of ChatGPT-5, the code generated
includes only gather MPI-collective communication at the end of
the code. This greatly impacts performance in this test case, adding
significant overhead in execution time—approximately one or two
order of magnitude compared with the code generated by ChatMPI.
Despite this, all the codes are very similar in terms of workload
decomposition. However, whereas the ChatMPI code uses blocking
communication, the code generated by ChatGPT-4o uses nonblock-
ing MPI calls (e.g., MPI_Isend/Irecv). Although this technique can
be viewed as an optimization for overlapping computation with
communication, it requires careful use because it does not always
provide the expected results. Using nonblocking MPI calls can be ef-
ficient for compute-bound operations; however, for memory-bound
problems such as the one tested in this analysis, this can be a coun-
terproductive practice, adding extra overhead, particularly when
increasing the number of MPI ranks. This is evident in Fig. 10: the
code using nonblocking MPI calls (ChatGPT-4o) performs worse
than the code that uses blocking MPI calls (ChatMPI). The differ-
ence in performance is accentuated when increasing the number
of MPI ranks for the same problem size, and the code generated
by ChatMPI provides an acceleration of up to 1.4×. ChatGPT-5
generates a code that uses blocking MPI_Sendrecv calls. This can
be seen as an optimization too. Unlike using MPI_Send/Recv calls
that serialize communication, MPI_Sendrecv calls are computed
concurrently. Also the use of MPI_Sendrecv calls reduces the num-
ber of code of lines compared with the code generated by ChatMPI
creating additional dummy MPI ranks using the MPI_PROC_NULL
constant. However, as we see in the case of using nonblocking
MPI calls, the potential benefit of using MPI_Sendrecv calls is very
application, hardware and implementation dependent. Although
the original code generated by ChatGPT-5 is faster than the one

generated by ChatGPT-4o when including the unnecessary initial
and end MPI collective communications, when omitting these un-
necessary MPI calls, the code using MPI_Sendrecv (ChatGPT-5)
turns to be up to 2.8× and 2× more time consuming than the codes
generated by ChatMPI and ChatGPT-4o respectively. Depending
on the number of MPI ranks and size of the problem, the codes
generated by ChatGPT-5 using nonblocking point-to-point MPI
communication for the 2D and 3D tests perform between 10% and
30% slower when compared with the codes generated by ChatMPI.

Figure 10: Performance (strong scaling)—in (left) seconds—
of the MPI codes generated by ChatGPT-4o, ChatGPT-5 and
ChatMPI for tridiagonal matrix-vector multiplication (1D).
For completeness, we include the execution time of the code
generated by ChatGPT-4o and omit the time spent on the
initial scatter and end gather MPI calls. We also include
the (right) speedup achieved by the MPI code generated by
ChatMPI over the one generated by ChatGPT-4o without
scatter/gather calls.

4.4 Iterative solvers
Iterative solvers are an essential part in HPC and scientific comput-
ing for solving large, complex systems of equations, particularly
those arising from the discretization of partial differential equa-
tions. They offer advantages over direct solvers for such problems,
especially when dealing with sparse matrices [11]. This is the most
complex scenario of this work. Unlike previous scenarios in which
we focus essentially on a single kernel, the problem targeted here
usually involves multiple kernels or steps. Each step has different re-
quirements for MPI implementation, including workload decompo-
sition, communication, and synchronization. However, the problem
must be considered as a whole because any decision made in one of
the steps influences how the remaining steps must be implemented
(see Fig. 11).

Training and testing datasets: In this case, rather than using
any additional training datasets, we evaluate whether ChatMPI can
apply the previous learned skills to a new and more challenging
domain (e.g., iterative solvers). For testing, we used the conjugate
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int size, rank;
MPI_Init(NULL, NULL);
MPI_Comm_size(MPI_COMM_WORLD, &size);
MPI_Comm_rank(MPI_COMM_WORLD, &rank);
int n = ceil(5000/size) + 2;
float alpha, local_sum, global_sum;
float *u = malloc(n*sizeof(float));
float *u_new = malloc(n*sizeof(float));
float *a1 = malloc(n*sizeof(float));
float *a2 = malloc(n*sizeof(float));
float *a3 = malloc(n*sizeof(float));
// Initialization of matrix and vectors
// MPI point-to-point communication
if (rank > 0) {
MPI_Send(&u[1], 1, MPI_FLOAT, rank - 1, 0, MPI_COMM_WORLD);
MPI_Recv(&u[0], 1, MPI_FLOAT, rank - 1, 0, MPI_COMM_WORLD, &status);

}
if (rank < size-1) {
MPI_Recv(&u[n-1], 1, MPI_FLOAT, rank + 1, 0, MPI_COMM_WORLD, &status);
MPI_Send(&u[n-2], 1, MPI_FLOAT, rank + 1, 0, MPI_COMM_WORLD);

}
// Tridiagonal matrix-vector multiplication
for (int i = 1; i < n-1; i++) {
u_new[i] = a1[i]*u[i+1] + a2[i]*u[i] + a3[i]*u[i-1];

}
// BLAS 1 AXPY
for (int i = 0, i < n, i++) {
u_new[i] = alpha * u[i] + u_new[i];

}
//BLAS 1 DOT
for (i = 0, i < n, i++) {
local_sum += u[i] * u_new[i];

}
// MPI collective communication
MPI_Reduce(&local_sum, &global_sum, 1, MPI_FLOAT, MPI_SUM, 0, MPI_COMM_WORLD);
free(u); ...
MPI_Finalize();

Figure 11: MPI pseudocode for the main steps of the CG
algorithms.

gradient (CG) algorithm [5]. CG is a well-known and widely used
iterative method for solving sparse systems of linear equations. This
algorithm is a key component in a large variety of HPC applications,
including finite-difference and finite-element methods, partial dif-
ferential equations, structural analysis, circuit analysis, and many
more linear algebra–related problems [31]. Given the ubiquity and
importance of this operation in HPC applications, CG is also used
to measure supercomputer performance through the popular High
Performance Conjugate Gradients benchmark [11]. For the testing
dataset (prompt), we used a sequential implementation of a plain
CG algorithm [33] without a preconditioner. This simplifies the
study of the optimizations by eliminating the preconditioning step.
To this end, we generated a diagonal-dominant tridiagonal sparse
matrix [37–39], which is commonly used in these contexts. The se-
quential implementation of CG comprises multiple BLAS 1 kernels
to compute the different steps of the algorithm, which consists of a
series of DOT and AXPY computations, among other operations.
The MPI implementation of CG must combine both stencil and
nonstencil computations. Although the computations of the matrix-
vector multiplication must be made by using ghost cells, that is not
the case in the remaining the steps of the algorithm. Additionally,
this implementation involves point-to-point communication and
collective communication MPI primitives in the same code.

Analysis: Both, ChatMPI and ChatGPT-5 are the only models
that can generate functional MPI codes. Although most of the code
lines of the MPI implementation generated by ChatGPT-4o were

correct, it incorrectly handled the MPI rank IDs used for MPI point-
to-point communication (send and receive). The MPI code gener-
ated by ChatMPI applies the previously learned HPC techniques
for problem decomposition and communication. These techniques
are equivalent to the ones used in the previous tests cases, resulting
in an MPI code that provides good performance and scalability,
very similar to the previously reported results. The code generated
by ChatGPT-5, although it is very similar to the one generated by
ChatMPI, it uses nonblocking MPI calls MPI_Isend/Irecv. Unlike
the code generated by ChatGPT-4o for 1D stencil computation that
uses nonblocking MPI calls to overlap communication with compu-
tation involving non-trivial optimizations, in the code generated
by CharGPT-5, although it uses the same nonblocking MPI calls, it
is not possible to overlap communication with computation since
a strong synchronisation (e.g., MPI_Waitall) is found right after
the communication. This has important consequences in terms of
performance when compared with the code generated by ChatMPI
which is up to more than 2× faster than the code generated by the
OpenAI’s model (see Figure 12).

Figure 12: Performance (weak scaling)—in (left) seconds—of
the MPI codes generated by ChatGPT models and ChatMPI
for SpMV using the CSR format. We also include the (right)
speedup achieved by the MPI code generated by ChatMPI
over the one generated by ChatGPT-4o/-5.

4.5 Remarks
We summarize the results collected for the six essential HPC work-
loads studied in this work in terms of the training data size required
for fine-tuning as well as the correctness and performance of the
MPI codes generated (see Table 1). Depending on the target, the
required data for fine-tuning can greatly differ. For instance, for
sparse computations (e.g., SpMV), we must train the model for each
sparse format (e.g., CSR or CSC) due to the significant differences
between MPI implementations. This requirement is considerably
smaller for BLAS or stencil computations, where using a relatively
small number of representative cases—which capture the patterns
associated with these computations—is sufficient for ChatMPI to
generate high-quality MPI codes, even for more complex scenarios
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than those used during training. Notably, no training (fine-tuning)
on iterative solvers (e.g., CG)was necessary for ChatMPI to generate
high-quality MPI codes for this class of problems. These algorithms
essentially comprise sets of kernels that are either identical or very
similar to the ones used for the previously trained scientific work-
loads.

With the exception of the Code Llama base model, both Ope-
nAI’s model (ChatGPT-4o and ChatGPT-5) and ChatMPI achieve
strong results in terms of correctness. Whereas ChatGPT-4o pro-
vides correct codes for about 75% of the tests, both ChatGPT-5
and ChatMPI provides functional MPI codes in all the test cases.
Note that ChatMPI was trained specifically for these targets, using
the necessary data and fine-tuning iterations to find and fill the
learning gaps during the training. Moreover, we observe signifi-
cant differences in performance between the MPI codes generated
by ChatGPT models and ChatMPI. Although most of the gener-
ated MPI codes are functional, the workload decomposition, MPI
communication, and optimizations employed by ChatGPT models
proved less effective at achieving good scalability. By contrast, the
fine-tuning performed for ChatMPI enables the model to deliver
higher performance by using better approaches for problem decom-
position, thereby achieving up to a 4× speedup for some BLAS 3
routines; communication-avoiding strategies for sparse computa-
tion, thereby achieving up to a 2× speedup for SpMV using CSR;
and the effective use of MPI primitives for 1D stencil and iterative
computations, thereby providing accelerations of up to 40% and
higher than 2× for stencil and CG computations respectively.

5 Related Work
The past 3 years have seen a growing interest in evaluating the
impact of state-of-the-art LLMs on HPC software [32], and this is
becoming a very active area of research. For example, LM4HPC [7]
is a language model specifically designed for HPC and demon-
strates success in specific tasks such as code similarity analysis,
parallelism detection, and OpenMP question answering. Nichols et
al. [25] created the trained HPC-Coder model based on the Deep-
Speed [28] deep learning model. They found varying degrees of
success in code completion for OpenMP pragmas and MPI calls.
Another example is LLM4VV [24], which is a fine-tuned model that
explores the capabilities of GPT-4 and Llama 2 to generate tests
for the compiler functionality of the directives-based OpenACC
parallel programming model and shows a high degree of success.
Some recent work has explored using LLMs to translate Fortran
codes: Lei et al. [19] created a dataset to train LLMs for HPC code
translation from Fortran OpenMP to C++ OpenMP, and Zhou et
al. [41] proposed a proof-of-concept that uses LLMs to translate
single-threaded Fortran to Python/JAX. Godoy et al. [12, 15] and
Valero-Lara et al. [36] evaluated LLM capabilities, which included
GitHub Copilot and Llama 2 for generating correct and functional
representative HPC kernels on modern HPC programming models.
These last references established some best practices and criteria to
use when interacting with LLMs for HPC targets, using source code
in prompts to minimize prompt-engineering efforts andmaximizing
the quality of the LLM responses. Dearing et al. [8] present LASSI,
which is an automated pipeline framework designed to translate
between parallel CUDA and OpenMP programming languages by

bootstrapping existing closed- or open-source LLMs. This work
was recently extended to LASSI-EE, an automated LLM-based refac-
toring framework that generates energy-efficient CUDA code [9].
More recently, Valero-Lara et al. [35] developed ChatBLAS as the
first AI-generated, portable basic vector-vector (BLAS level 1) li-
brary, which achieved competitive or higher performance compared
with vendor-specific math libraries by using prompt engineering
and fine-tuning on top of ChatGPT models. More related to MPI,
Schneider et al. [30] created MPICodeCorpus, a collection of more
than 15,000 MPI codes used for training purposes. MPICodeCorpus
was used to create MPI-RICAL, which is a programming assistant
for MPI coding.

6 Observations
Observation 1—Fine-tuning: We demonstrated the effective-

ness of using ChatHPC to rapidly create trustworthy MPI capabili-
ties with high levels of correctness compared with state-of-the-art
LLMs, such as OpenAI’s 1.8 trillion parameter ChatGPT-4o and
ChatGPT-5 models. Serial-to-MPI parallelization is a nontrivial pro-
cess that requires knowledge of not only computation but also
communication and domain decomposition.

Observation 2—Expert-in-the-loop: ChatMPI’s capabilities im-
proved considerably by involving human expertise in the fine-
tuning process to create the training data and identify learning
gaps.

Observation 3—Overfitting: The lack of diverse information
or data in the MPI domain, may result in overfitting, which makes
the AI assistants more deterministic and less creative. However, the
impact of overfitting in this particular scenario—that is, creating a
highly specialized AI assistant for automatic MPI parallelization—is
not necessarily a negative.

Observation 4—Code completeness: The source codes used for
both fine-tuning and testing must be self-contained and readable,
prioritizing readability over brevity. This helps ChatMPI learn about
the patterns and code transformations required for the different
HPC workloads studied.

Observation 5—Correctness and data: Using very precise data
(e.g., source codes) for both fine-tuning and testing produces very
high levels of correctness even when using relatively small training
datasets. However, that depends on the particular problem; some
targets (e.g., SpMV) require significantly more data to reach a high
level of correctness.

Observation 6—MPI performance: ChatMPI codes demon-
strate good HPC capabilities, outperforming the MPI codes gener-
ated by ChatGPT-4o and ChatGPT-5 by using more effective HPC
techniques. This finding highlights the importance of training these
models on HPC fundamentals to generate not only functional codes
using HPC models, such as MPI, but also codes that achieve good
performance.

Observation 7—Simplify prompting: Communication with
ChatMPI does not require any prior domain knowledge, thereby
reducing the expertise required for the LLMs to provide good quality
results.
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Table 1: Results for Code Llama, ChatMPI, ChatGPT-4o and ChatGPT-5, showing the training data size required by ChatMPI
for fine-tuning, correctness (functional MPI codes generated), and performance.

Correctness Peak ChatMPI Speedup over

HPC Domains ChatMPI Training Size Code Llama ChatMPI ChatGPT-4o ChatGPT-5 ChatGPT-4o ChatGPT-5
BLAS 1, 2, 3 Small 0.0% 100.0% 100.0% 100.0% 4× 4×

Sparse (SpMV) Large 0.0% 100.0% 100.0% 100.0% 1.9× 1.9×
1D, 2D, 3D Stencil Medium 0.0% 100.0% 33.3% 100.0% 1.4× 2.8×
Iterative (CG) No data needed 0.0% 100.0% 0.0% 100.0% — 2.1×

7 Conclusions and Future Work
Created with the ChatHPC library, ChatMPI delivers higher trust-
worthiness and performance levels than state-of-the-art LLMs
(Code Llama and the much larger ChatGPT-4o and ChatGPT-5
models) for the MPI parallelization of essential HPC workloads,
including BLAS levels 1, 2, and 3 as well as sparse, stencil, and
iterative applications. This work emphasizes the importance of
using high-quality training data that includes skills and knowl-
edge essential for developing the targeted capabilities. In this study,
these skills involve the effective use of HPC techniques that enable
ChatMPI to generate well-performing MPI code tailored to the prob-
lem (HPC workload) being parallelized. With relatively small train-
ing datasets (just a few dozen prompts) supervised by experts, we
created ChatMPI rapidly on very modest computational resources
(one node with two NVIDIA GPUs) by fine-tuning the open-source
Code Llama LLM and using ChatHPC capabilities. Moreover, the
HPC community can easily extend the existing ChatMPI capabili-
ties with other capabilities or context, such as MPI+X translations,
without replicating the base LLM model, thereby providing an
efficient mechanism for leveraging AI to facilitate MPI software
development.

In future work, we plan to explore new capabilities for MPI
parallelization—such as MPI+X for targeting different architectures,
among other MPI optimizations—as well as address different appli-
cation domains that may require different techniques beyond those
studied in this work.
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