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Introduction

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

Motivation

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

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

Objectives

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

Contribution
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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 AI assistants leveraging existing 

HPC efforts for multiple domains:
– Programming Models, Math Libraries, I/O, Tooling, etc.

o And priorities:
– Parallelization, Portability, Optimization, Evaluation, etc.

ChatHPC
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A simple 3-step iterative process: 

1. Fine-tuning -> AI assistant (optimizers)
o Training Data
o The better the data the better the model
o It is 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 AI assistants
o Expert-Supervised Refinement Data

AI assistants can be merge into a single LLM: ChatHPC model

ChatMPI: 
Design & Implementation
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o Intel Xeon Gold 6130 CPU (Skylake) 32-core
o AI assistants (~100MB)
o Training/Testing data (~KB)
o Fine-tuning (Code Llama [7B]): 

– No more than 15 min. in a one NVIDIA 2x H100 node
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)
– 1.8 trillion parameter OpenAI’s ChatGPT-4o model
– ChatGPT-5 Reasoning LLM 

Analysis
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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-4o and -5 use the same matrix decomposition

• Matrix B is replicated across ranks
– ChatMPI uses an even computation/data distribution

• Speedup w.r.t. ChatGPT codes
• Scalability increases when adding more ranks

BLAS
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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-4o and -5
• Initialize vectors in rank 0 and distribute across all ranks

– ChatMPI
• Initializes vectors across all the ranks
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Stencil Solvers (Euler)
o Training (simplest cases)

– 1D 3-point, 2D 5-point, and 3D 9-point

o Testing (more complex)
– Triagonal Matrix-Vector multiplication
– 2D 9-point
– 3D 11-point

o Data
– Training (~50%) vs Testing (~50%)

o Results
– ChatGPT 4-o 

• Only generates functional code for the 1st test case using non-blocking communication 
– ChatGPT-5 

• Generates functional code for all test cases using blocking (MPI_Sendrecv) communication for
     the 1st test 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-o 

• Does not generate any functional code
– ChatGPT-5 

• Uses non-blocking communication and strong syncs
• Adds an important overhead 

– ChatMPI: 
• Generates MPI codes using techniques trained previously
• Communication avoiding
• Blocking communication
• …
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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-4o is partially exposed

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

HPC Domain Training Size Code Llama ChatMPI ChatGPT-4o ChatGPT-5 ChatGPT-4o ChatGPT-5

BLAS Level 1, 2, 3 Small (5%) 0% 100% 100% 100% 4x 4x

Sparse (SpMV) Large (100%) 0% 100% 100% 100% 1.9x 1.9x

1D, 2D, 3D Stencil (Euler) Medium (50%) 0% 100% 33% 100% 1.4x 2.8x

Iterative (CG) No data needed 0% 100% 0% 100% - 2.1x

ChatMPI Correctness Peak ChatMPI Speedup over

Remarks
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Future Work

oMultimodality 
• Simplify the interaction with AI for HPC 

domains
oReasoning

• Generate highly optimized HPC codes across 
domains and technologies

oAgentic
• Connect HPC and AI for complex problems

3 Pillars
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Observations

• Very effective, if you have the data

Fine-tuning

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

MPI Performance

• Is that a problem for domain-specific AI assistants?

Overfitting

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

• Take advantage from similarities (similar patterns)

Self-learning

• Recommendable for domain-specific LLMs

Expert-in-the-loop

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

Accessibility

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

Simplify prompting

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

Data
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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/llm4hpc2026/
– LLM4HPCAsia (collocated with SCA/HPC Asia):

https://ornl.github.io/events/llm4hpcasia2026/

o Special Issue at International Journal of Parallel 
Programming
o High-Productivity Programming Systems for HPC Applications:

https://link.springer.com/collections/gjbahhgce

https://ornl.github.io/ChatHPC/
https://ornl.github.io/events/llm4hpc2025/
https://ornl.github.io/events/llm4hpcasia2026/
https://link.springer.com/collections/gjbahhgcea
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Use ChatHPC!
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Oh-Kini!
Thanks!

Pedro Valero-Lara
PhD. Sr Computer Scientist <valerolarap@ornl.gov>
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