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Introduction

Al-driven MPI parallelization that provides good performance through the effective use of HPC
fundamentals (e.g., problem decomposition and communication patterns)

mmmee Hypothesis
“LLMs can parallelize sequential programs into fully functional and well-performing MPI codes”

sy Objectives

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

2.Enabling LLMs to implement well-performing MPI codes that leverage HPC fundamentals by
making informed decisions regarding work decomposition to minimize communication and
maximize performance and scalability when possible

Contribution

ChatMPI, an Al assistant designed to support HPC developers in the MPI parallelization of
sequential C codes
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ChatHPC

Infrastructure:

o A CLI Python library on top of:
— Code Llama, PyTorch, and LoRA

o The ChatHPC library makes:

— Fine-tuning, Testing, Refinement, Merge, and Inference
Ecosystem:

o A collection of Al assistants leveraging existing
HPC efforts for multiple domains:

o And priorities:

%

ChatHPC CLI:

chathpe train # Finetune the assistent

chathpe verify Verify the assistent on training sel
chathpe test Test the asssistent on unseen
chathpe run # Interactivly run the assistent

P

Interactive Run Session:

$ chathpe ()> /context

Context: Introduction to Kokkos

§ chathpe (Introduction to Kokkos)» What is LayoutLeft?

LayoutLeft refers column-major layout where consecutive entries in
the same column of a 2-D array are contiguous in memory.

ChatHPC

ChatHPC

ChatHPC Application is the base CLI toolchain and Python API for
working with and training models for ChatHPC.

Latest release v25.7.1

& ChatHPC Application

Home News Q

SC'25 Artifact Repository: ChatHPC for
Kokkos

This repository holds the artifacts for the ChatHPC SC*25 submission.
Contained in this repo is the ChatHPC Library and corresponding CLI application and the
Kokkos training and verification datasets used to train and validate ChatHPC for Kokkos.

GitHub Repo

Qsc25

St.Louis, hpc
MO|ignites

— Programming Models, Math Libraries, 1/0, Tooling, etc.

— Parallelization, Portability, Optimization, Evaluation, etc.
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Abstract

ChatHPC democratizes large language models for the high-
performance computing (HPC) community by providing the in-
frastructure, ecosystem, and knowledge needed to apply modern
generative AI technologies to rapidly create specific capabilities
for critical HPC compenents while using relatively modest compu-
tational resources. Our divide-and-conquer approach focuses on
creating acollection of reliable, highly specialized, and optimized Al
assistants for HPC based on the cost-effective and fast Code Llama
fine-tuning processes and expert supervision. We target major com-
ponents of the HPC software stack, including programming models,
runtimes, 1/0, tooling, and math libraries. Thanks to AI ChatHPC
provides a more productive HPC ecosystem by boosting important
tasks related to portability, parallelization, optimization, scalability,
and instrumentation, among others. With relatively small datasets
{on the order of KB), the Al assistants, which are created in a few
minutes by using one node with two NVIDIA H100 GPUs and
the ChatHPC library, can create new capabilities with Meta’s 7-
billion parameter Code Llama base model to produce high-quality
software with a level of trustworthiness of up to 90% higher than
the 1.8-trillion parameter OpenAl ChatGPT-40 model for critical
programming tasks in the HPC software stack.

CCS Concepts
« Computing methodologies — Natural language processing.

William F. Godoy
Oak Ridge National Laboratory
(ORNL)
Oak Ridge, USA
godoywf@ornl.gov
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1 Introduction

iputing (HPC) applications demand effective
parallelization, optimization, and portability to leverage modern
heterogeneous architectures. However, these tasks often require sig-
nificant expertise and labor, which pose challenges for developers
when rapid turnaround is required. Recent advances in large lan-
guage models (LLMs) offer a promising solution by automating and
enhancing complex programming tasks [1-4], thereby accelerating
the development process

In this paper, we introduce ChatHPC: a process and tool chain for
developing Al assistants fine-tuned from Code Liama [1] and specif-
ically designed to boost productivity in HPC software development.
Our initial ChatHPC: three critical areas: iz
sequential code, optimizing existing parallel implementations, and




ChatMPI:
Design & Implementation

A simple 3-step iterative process:

1. Fine-tuning -> Al assistant (optimizers)
o Training Data
o The better the data the better the model
o Itis more about quality than quantity

2. Testing -> Learning gaps
o Testing Data != Training Data
o Testing Data may contain question about non-fined-tuned
capabilities
3. Refinement -> More capable Al assistants
o Expert-Supervised Refinement Data

Al assistants can be merge into a single LLM: ChatHPC model )
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ChatHPC L|brary (B) Al Assistants (Adapters) & Expert-in-the-loop
- —
(C) Testing
Data
(1) Base Model ChatHPC for ;
(2) Testing
(Code Llama) Kokkos Programming
(1) Fine-Tuning ChatiRIS Systems \
P (D) Learning
(A)Training Gaps
Data ChatPort
ChatADIOS2 110 (3) Refinement
(Fine Tuning)
(II) ChatHPC Merge Model + | ChatMAGMA | Math Libraries
Adapters | (A) Training (E) Refinement
ChatTAU Perforr"nance Data Data
Profilers
r
{"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*xn+j] = @.25%(ul(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 > @) {

}

if (rank < size-1) {

}

for (int i = 1; i < local_n-1; i++) {

for (int j = 1; j < n-1; j++) {
u_new[i*n+j] = @.25%(uL(i-1)*n+j] + ...

}

free(u);
free(u_new);
MPI_Finalize();
h

MPI_Send(&u[1],1,MPI_FLOAT, rank-1,0,MPI_COMM_WORLD) ;
MPI_Recv(&u[@],1,MPI_FLOAT, rank-1,0,MPI_COMM_WORLD, &status);

MPI_Recv(&uln-1],1,MPI_FLOAT, rank+1,,MPI_COMM_WORLD, &status);
MPI_Send(&u[n-2],1,MPI_FLOAT, rank+1,®,MPI_COMM_WORLD) ;
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Fine-tuning (Code Llama [7B]): = % ExCL ==~
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o Evaluation
—  Execution time and scalability
—  Evaluation data is different to training data

o Compare against

— 7 billion parameter Meta’s Code Llama base model
(nO fine—tuning) Welcome

T ) Welcome to ExCL! We are excited to collaborate with users exploring emerging computing technologies.
— 1.8 trillion parameter OpenAl’'s ChatGPT-40 model
The Experimental Computing Lab (ExCL) is a laboratory designed for computer science research. At a time where heterogeneity defines
_ C h at G PT_ 5 R e a S O n i n g L L M the path forward, this system offers heterogeneous resources that researchers can use in their work. The computational resources provided
by ExCL comprise diverse technologies in terms of chips, memories, and storage. ExCL will also adapt to the ever-changing computing
%OAK RIDGE
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ORNL Experimental Computing Laboratory -

Pathfinding the future of computing |

About ExCL ‘ Documentation ExCL Systems

ecosystem and will incorporate the latest technology and make it available to its users.




BLAS

o Training
— Level 1: DOT and AXPY
— Level 2: GEMV and TRMV
— Level 3: GEMM and TRMM
— Balanced vector/matrix decomposition
— No unnecessary communication
* Initial scatter and final gather

o Testing
— Rest of BLAS

o Data
— Training (~5%) vs Testing (~95%)

o Results (SYMM)

— ChatGPT-40 and -5 use the same matrix decomposition

e Matrix B is replicated across ranks

— ChatMPI uses an even computation/data distribution

o Speedup w.r.t. ChatGPT codes
» Scalability increases when adding more ranks
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Sparse Linear Algebra (SpMV)

o Data
— Each case (format) must be trained
— Important differences in the implementations
using different formats

o Results (CSR)

— All models use a similar strategy
* Replicate the matrix across MPI processes
(communication avoiding)
— ChatGPT-40 and -5

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 = rowlil; j < rowli + 11; j++) {
sum += val[j] = x[(int)col[jl1];

H

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[il; j < col_ptr[i + 1]; j++) {
y_locallrow_ind[j]1] += valljl = x[i];

}

}

float xy_global = NULL;

if (rank == @) y_global = malloc(nrow * sizeof(float));
MPI_Reduce(y_local, y_global, nrow, MPI_FLOAT, MPI_SUM, @,
= MPI_COMM_WORLD);

free(x);

free(y_local);

free(row_ind);

free(col_ptr);

free(val);

MPI_Finalize();

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

e |Initialize vectors in rank 0 and distribute across all ranks

— ChatMPI
e |nitializes vectors across all the ranks
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Stencil Solvers (Euler)

17 S

o Training (simplest cases)
— 1D 3-point, 2D 5-point, and 3D 9-point

Speedup

O TGSting (more complex) Speedup over ChatGPT-4o0
— Triagonal Matrix-Vector multiplication 10% == Spesdupover ChatGTS Sl ;
- 2D 9'p0int & . /,,— ChatGPT-40 h
- 3D 11'p0|nt Lgn-. ..'/,, E:a:gsl—go(noscatter!gather)
o Data PN e
— Training (~50%) vs Testing (~50%) B
o Results I -
- ChatGPT 4'0 MPI ranks
» Only generates functional code for the 15t test case using non-blocking communication
— ChatGPT-5

« Generates functional code for all test cases using blocking (MPI_Sendrecv) communication for
the 1sttest case and non-blocking for the rest
— ChatMPI:
» Generates MPI codes using blocking communication
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Iterative Solvers (CG)

o Training (simplest cases)
— No training data needed

o Results

— ChatGPT 4-0
* Does not generate any functional code

— ChatGPT-5

e Uses non-blocking communication and strong syncs

« Adds an important overhead

int size, rank;

MPI_Init(NULL, NULL);

MPI_Comm_size(MPI_COMM_WORLD, &size);

MPI_Comm_rank(MPI_COMM_WORLD, &rank);

int n = ceil(5600/size) + 2;

float alpha, local_sum, global_sum;

float *u = malloc(n*sizeof(float));

float *u_new = mallec(nxsizeof(float));

float *al = malloc(nxsizeof(float));

float *a2 = mallec(nxsizeof(float));

float *a3 = malloc(nxsizeof(float));

// Initialization of matrix and vectors

// MPI point-to-point communication

if (rank > @) {
MPI_Send(&ul1], 1, MPI_FLOAT, rank - 1, @, MPI_COMM_WORLD);
MPI_Recv(&u[@], 1, MPI_FLOAT, rank - 1, @, MPI_COMM_WORLD, &status);

>

if (rank < size-1) {
MPI_Recv(&u[n-11, 1, MPI_FLOAT, rank + 1, 0, MPI_COMM_WORLD, &status);
MPI_Send(&uln-21, 1, MPI_FLOAT, rank + 1, @, MPI_COMM_WORLD);

// Tridiagonal matrix-vector multiplication
for (int i = 1; i < n-1; i++) {
u_new[i] = allilxu[i+1] + a2[iJxu[i] + a3[iJxul[i-1];

¥

// BLAS 1 AXPY

for (int i = @, i <n, i++) {
u_new[i] = alpha * uli] + u_new[il;

}

//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, @, MPI_COMM_WORLD);
free(u); ...

MPI_Finalize();

Fig. 11. MPI pseudocode for the main steps of the CG algorithms.

— ChatMPI: —— ChatGPT-5
» Generates MPI codes using techniques trained previously —— ChatMPI
« Communication avoiding o
» Blocking communication &
o g 1071
D
Q
=
'_
Speedup —
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Remarks

ChatMPI Correctness Peak ChatMPI Speedup over

HPC Domain Training Size = Code Llama ChatMPI ChatGPT-4o0 ChatGPT-5 ChatGPT-40  ChatGPT-5

BLAS Level 1,2,3 Small (5%)
Sparse (SpMV) Large (100%) 0% 100% 100% 100%
Iterative (CG) No data needed 0% 100% 0% 100%
o Training

— Very dependent on the target

o Correctness
— ChatMPI and ChatGPT-5 provide high levels of trustworthiness
— Code Llama is not exposed to MPI programming and ChatGPT-4o0 is partially exposed

o Performance
— Up to 4x better performance and scalability
— Workload decomposition, communication avoiding, blocking communication, ...

%OAK RIDGE

National Laboratory



Future Work

o Multimodality

o Reasoning

o Agentic

%NOAK RIDGE
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Observations

* Very effective, if you have the data

Expert-in-the-loop

« Recommendable for domain-specific LLMs

= MPI Performance

* Training on fundamentals
(BTW: much better than ChatGPT)

Accessibility

* One NVIDIA GPU (better if you have 2), data (~KB), and 15
minutes

Overfitting

* Is that a problem for domain-specific Al assistants?

Simplify prompting

* No prompt engineering, more productive, non-experts can
generate expert level responses

mm Self-learning

* Train on simple problems and let LLMs to deal with more
complex problems

- Take advantage from similarities (similar patterns)

» Very demanding depending on the target (SpMV) or not
(Stencil, BLAS, Iterative)

%OAK RIDGE
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Resources, Community, and Announcements

o ChatHPC project: https://ornl.github.io/ChatHPC/

o ChatHPC meetings:

— We organize a community meeting once
a month. Join us!

o Workshops:

— LLM4HPC (co-located with ISC-HPC'26):
https://ornl.github.io/events/lim4hpc2026/

— LLM4HPCAsia (collocated with SCA/HPC Asia):
https://ornl.github.io/events/lim4hpcasia2026/

o Special Issue at International Journal of Parallel
Programming

o High-Productivity Programming Systems for HPC Applications:
https://link.springer.com/collections/gjbahhgce

%OAK RIDGE
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ChatHPC

ChatHPC

ChatHPC Application is the base CLI toolchain and Python API for
working with and training models for ChatHPC.

Latest release v25.7.1

& ChatHPC Application

Home News Q

SC'25 Artifact Repository: ChatHPC for
Kokkos

This repository holds the artifacts for the ChatHPC SC’25 submission.
Contained in this repo is the ChatHPC Library and corresponding CLI application and the
Kokkos training and verification datasets used to train and validate ChatHPC for Kokkos.

GitHub Repo

High-Productivity Programming Systems for HPC
Applications

[B) Participating journal: International Journal of Parallel Programming.

Inthe ever-evolving world of computing, the line between software and hardware has become increasingly
larger. As we push the boundaries of what is possible with technology, the need for high-productivity

2 for submi

] April
Participating

B journal

olutions that can harness the power of modern hardware has never been more critical.

This Special Issue (SI) aims to bring points of discussion into the High Performance Computing (HPC) and
scientific community about key issues on finding acompromise between high levels of abstraction
(programming productivity) and meeting the challenges of performance, power consumption, and fault
tolerance. This Sl addresses the recent experiences in programming languages/models design for exa-scale
computing systems, which can contribute to the problem of programming complex HPC systems ina...

\/ Showmore

Publishin g model ybrid

Journal Impact 0.9(: )

whloads .8k (2024)

i 43days
(median)



https://ornl.github.io/ChatHPC/
https://ornl.github.io/events/llm4hpc2025/
https://ornl.github.io/events/llm4hpcasia2026/
https://link.springer.com/collections/gjbahhgcea

Use ChatHPC!

%OAK RIDGE
National Laboratory



National Laboratory Supercomputing Asia

Gathering the Best of HPC in Asia
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