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Background

Motivation for coding AI development

• Strong hopes for coding AI technologies – have exceeded our expectations
▶ Claude Code with Opus 4, Qwen3-Coder, GPT-5-Codex

• Addressing difficulty of numerical and HPC code development – require a wide range of
specialized skills and knowledge (e.g., performance optimization, numerical errors)

▶ Limited capability for high-quality HPC code generation

• Shortage of highly skilled professionals

• Open source technology for API cost saving & for security

• Maintenance of legacy assets such as Fortran – Fortran to GPU for Fugaku NEXT
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HPC-GENIE
– High-Performance Computing with GEnerative Neural
Intelligence for Execution2)

Information Technology Center,
Nagoya University

2)https://www.hpc.itc.nagoya-u.ac.jp/menu/hpc genie.html
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HPC-GENIE

HPC-GENIE – High-Performance Computing with
GEnerative Neural Intelligence for Execution

• A project for HPC code generation using LLMs, at
the Information Technology Center, Nagoya
University

▶ Project leader: Takahiro Katagiri
▶ Sub-leader: Daichi Mukunoki

Specific Missions

• Technology development for Local LLM for API cost
saving & for security

• Fortran to GPU for Fugaku NEXT

• Service delivery at supercomputing centers

• and more ...
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HPC-GENIE

Key Technologies

• Prompt Engineering – automatic-generation/optimization of prompts, iterative prompts

• Local LLM – fine-tuning, additional training, or Small Language Model (SLM)

• Multi-agent system – combining multiple LLMs

• Auto-tuning (AT) – Integration of conventional auto-tuning technology to AI technology

• Execution environment – training, inference, and code execution

• and more ...

6 / 47



VibeCodeHPC
– A Prototype of HPC Code Optimization Framework using
Coding Agents with Iterative Prompts and Auto-tuning3)

Main developer:
Shunichiro Hayashi
(Graduate School of Informatics, Nagoya University)

3)https://github.com/Katagiri-Hoshino-Lab/VibeCodeHPC-jp
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Vibe Coding

Vibe Coding4)

• A software development paradigm where humans and generative AI engage in
collaborative flow to co-create software artifacts through natural language dialogue 5)

• Minimize direct code writing, prioritizing the expression of user’s intuitive ideas over
technical specifications

• Coding AI agents (e.g. Claude Code) opened the door to Vibe Coding

4)A. Karpathy, “There’s a new kind of coding I call “vibe coding” ... ,” X. Accessed: Jul. 23, 2025. [Online]. Available:
https://x.com/karpathy/status/1886192184808149383

5)C. Meske et al., “Vibe Coding as a Reconfiguration of Intent Mediation in Software Development: Definition, Implications,
and Research Agenda”, arXiv:2507.21928 [cs.SE], (29 July 2025) https://doi.org/10.48550/arXiv.2507.21928
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Vibe Coding & Agentic Coding

Vibe Coding Agentic Coding
Basic Concept Based on human “intuition” or

“vibe,” humans and AI collaborate
AI agents autonomously plan and
execute toward achieving goals

Main Driver Humans (mainly developers in di-
rect dialogues)

AI (the agent drives tasks toward
the goal)

Interaction Conversation-based prompts with
frequent trial-and-error by devel-
opers, supported by LLM

Users specify tasks, while AI au-
tonomously performs sub-task di-
vision, code generation, and exe-
cution until completion

Objective Rapid development, prototyping,
and idea exploration

Long-term automation, task com-
pletion, and industry substitution

Process Iterative trial-and-error with im-
mediate improvements

Strategic planning of optimal pro-
cedures by AI

Example Replit + Copilot (e.g., ““Make a
UI that feels modern” → “Simplify
it more”)

AutoGPT, AgentLLM, Open-
CodeInterpreter, or CI/PG tools

Prototyping with Vibe Coding → Product development with Agentic Coding
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VibeCodeHPC

VibeCodeHPC6) (S. Hayashi and ITC Nagoya U., 2025–)

• A multi-agent LLM system for automatic tuning (AT) of HPC codes with Vibe Coding
▶ For now, it is closer to agentic coding than vibe coding, but the future direction is toward

vibe coding
▶ Currently implemented with Claude Code, but any CLI-based coding AI agent can be used

How it works

1. The user provides instructions (requirements definition) in natural language
▶ Basic development guidelines and available technologies are preset as templates for each

system

2. VibeCodeHPC automatically attempts to optimize the code

3. The user checks the results

4. If the user is not satisfied, repeat the above steps

6)https://github.com/Katagiri-Hoshino-Lab/VibeCodeHPC-jp
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VibeCodeHPC – Demo
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VibeCodeHPC – Fully Automated

Automatic performance optimization
Optimize automatically without any human intervention (though intervention is possible if
needed)
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VibeCodeHPC – Requirements Definition (1/2)
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VibeCodeHPC – Requirements Definition (2/2)
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VibeCodeHPC – Multi Agent System (1/2)

Using Multiple AI agents with different roles

Example (customizable)

• Project manager (PM)
– requirements definition, resource
allocation, budget management

• System engineer (SE)
– agent monitoring, statistical analysis,
report generation

• Programmer (PG)
– programming and evaluation

• Continuous delivery manager (CD)
– Git management

Multi-agent system can prevent memory loss by saving context window of each LLM
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VibeCodeHPC – Multi Agent System (2/2)
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VibeCodeHPC – Agent Allocation

Agent allocation
Automatically configured
(based on a pre-set common strategy)
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VibeCodeHPC – Directories

Directory configuration
Automatically configured
(based on a pre-set common strategy)
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VibeCodeHPC – Report (1/2)

Final report
Automatically generated.
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VibeCodeHPC – Report (2/2)

ChangeLog
Automatically generated.
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VibeCodeHPC – Budget Management (1/2)

Resource budget of system (points)
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VibeCodeHPC – Budget Management (1/2)

Context consumption of LLM agents
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VibeCodeHPC – Solo v.s. Multi Agents

Solo v.s. Multi Agents
• Solo agent gives up midway (and it ignored the requirement definition not to use cuBLAS)
• Multi-agents follow requirements definition and further optimize
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VibeCodeHPC – Summary

VibeCodeHPC

• An automatic tuning system for HPC programs based on a multi-agent system of
LLM-driven code generation AI

• Automatic code tuning via multi-agent role allocation and iterative prompt refinement

• Compared to a solo agent, the multi-agent system achieved higher hourly code generation
quality and was more effective at identifying issues such as requirement violations

Code is available: https://github.com/Katagiri-Hoshino-Lab/VibeCodeHPC-jp
Our preprint will be available on arXiv very soon
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BLAS Code Generation by General-purpose LLMs7)

7)D. Mukunoki, S. Hayashi, T. Hoshino, T. Katagiri, “Performance Evaluation of General Purpose Large Language Models for
Basic Linear Algebra Subprograms Code Generation”, arXiv preprint arXiv:2507.04697, 2025.
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Background and Objectives

Overview

• Evaluate capability of general-purpose/volume-zone LLMs for numerical code generation

• Simple numerical codes as Basic Linear Algebra Subprograms (BLAS)

BLAS

• Suitable as the simplest subject for numerical computation code

• Consists of many routines, with detailed interface definitions and execution options;
implementation difficulty varies depending on the routine, enabling comprehensive
evaluation

• Reference Fortran code is available (without performance optimization nor parallelization)
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Related Work

ChatBLAS (Valero-Lara et al., SC24-W)

• Level-1 BLAS (vector-vector operations) using OpenMP, CUDA, and HIP with ChatGPT
(GPT 3.5-Turbo, 4o)

• Among 10 generated codes, 93–100% worked with OpenMP, 66% with CUDA, and
75–82% with HIP

• Improvements achieved through prompt engineering and fine-tuning

QiMeng-GEMM (Zhou et al., AAAI 2025)

• Code generation of GEMM via prompt engineering for GPT-4o and Claude 3.5 Sonnet

• Achieved 211% of OpenBLAS performance on CPU (RISC-V C910) and 115% of cuBLAS
performance on GPU (RTX4070)
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Target LLM Models

OpenAI GPT-4.1 & o4-mini (both released in April 2025)

• GPT-4.1: general-purpose model focusing on response speed and efficiency

• o4-mini: “reasoning-type” model with strong inference capabilities

• Neither is a code-specialized model nor OpenAI’s top-tier model, but both are
general-purpose/volume-zone models

GPT-4.1 o4-mini
Context window 1,047,576 200,000
Max output tokens 32,768 100,000
Knowledge cutoff June 1, 2024 June 1, 2024
Input price (per 1M tokens) $2.00 $1.10
Output price (per 1M tokens) $8.00 $4.40
Reasoning tokens None Available
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Target BLAS Routines

20 double-precision real routines

• Level-1 BLAS (vector operations): dasum, daxpy, ddot, idamax, dnrm2, drot, drotm

• Level-2 BLAS (matrix-vector operations): dgemv, dger, dsymv, dsyr, dsyr2, dtrmv, dtrsv

• Level-3 BLAS (matrix-matrix operations): dgemm, dsymm, dsyrk, dsyr2k, dtrmm, dtrsm

• Each routine supports the following execution parameters:
▶ incx/incy: stride of vector elements (1, 2)
▶ trans: matrix transpose (’N’, ’T’)
▶ side: position of the matrix (’L’, ’R’)
▶ uplo: part of triangular matrix used (’L’, ’U’)
▶ diag: whether unit triangular or not (’U’, ’N’)

Verification of correctness

• Verified using the BLAS++ test program (run tests.py)

• Compared against the Fortran reference implementation and evaluated by tolerance
relative error norm based on machine epsilon

• All parameter combinations considered, including both square and non-square matrices
with different aspect ratios (e.g., dtrsm has 256 tests)
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Target BLAS Routines

Level Routine Description Parameters Equation
1 dasum sum of magnitudes of vector elements incx v = |x1| + · · · + |xn|

daxpy vector-scalar product and add vector incx, incy y = αx + y

ddot vector-vector dot product incx, incy v = xT y
idamax index of element with max absolute value incx v = 1stk ∋ |re(xk)| + |im(xk)|
dnrm2 Euclidean norm of vector incx v = ||x||2
drot rotation of points in plane incx, incy xi = cxi + syi, yi = −sxi + cyi

drotm modified Givens rotation incx, incy
[
xi/yi

]
= H

[
xi/yi

]
2 dgemv general matrix-vector multiply trans, incx, incy y = αAx + βy

dger general matrix rank-1 update incx, incy A = αxyT + A
dsymv symmetric matrix-vector multiply uplo, incx, incy y = αAx + βy

dsyr symmetric rank-1 update uplo, incx A = αxxT + A

dsyr2 symmetric rank-2 update uplo, incx, incy A = αxyT + αyxT + A
dtrmv triangular matrix-vector multiply uplo, diag, incx x = Ax

dtrsv triangular matrix-vector solve uplo, trans, diag, incx x = A−1x
3 dgemm general matrix-matrix multiply transa, transb C = αAB + βC

dsymm symmetric matrix-matrix multiply side, uplo C + αAB + βC

dsyrk symmetric rank-k update uplo, trans C = αAAT + βC

dsyr2k symmetric rank-2k update uplo, trans C = αABT + αBAT + βC
dtrmm triangular matrix-matrix multiply side, uplo, trans, diag B = αAB

dtrsm triangular matrix-matrix solve side, uplo, trans, diag B = αA−1B
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Code Generation Prompts

(To give the result first)
By providing only the BLAS routine name, correctly working code can be generated.

Three prompt cases (ROUTINE:)

1. NameToCcode: “Implement #ROUTINE# routine in BLAS in C language.”

2. NameToOptCcode: “Implement #ROUTINE# routine in BLAS in C language. Thread
parallelization, SIMD vectorization, and cache blocking should be considered for
speed-up.”

3. FrtcodeToOptCcode: “Implement C code that has the same functionality as the
attached Fortran code; the specifications are written at the beginning of the Fortran code.
Thread parallelization, SIMD vectorization, and cache blocking should be considered for
speed-up.”

Additional information given in the prompt

• Added instructions to format the code for convenience so it can be incorporated into the
BLAS++ test program for evaluation
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Fortran Code – Documentation

dsymm

*> \brief \b DSYMM

* =========== DOCUMENTATION ===========

* Online html documentation available at

* http:// www.netlib.org/lapack/explore -html/

* Definition:

* ===========

* SUBROUTINE DSYMM(SIDE ,UPLO ,M,N,ALPHA ,A,LDA ,B,LDB ,BETA ,C,LDC)

* .. Scalar Arguments ..

* DOUBLE PRECISION ALPHA ,BETA

* INTEGER LDA ,LDB ,LDC ,M,N

* CHARACTER SIDE ,UPLO

* ..

* .. Array Arguments ..

* DOUBLE PRECISION A(LDA ,*),B(LDB ,*),C(LDC ,*)

* ..

*> \par Purpose:

* =============

*> \verbatim

*> DSYMM performs one of the matrix -matrix operations

*> C := alpha*A*B + beta*C,

*> or

*> C := alpha*B*A + beta*C,

*> where alpha and beta are scalars , A is a symmetric matrix and B and

*> C are m by n matrices.

*> \endverbatim

* Arguments:

* ==========

*> \param[in] SIDE

*> \verbatim

*> SIDE is CHARACTER *1

*> On entry , SIDE specifies whether the symmetric matrix A

*> appears on the left or right in the operation as follows:

*> SIDE = ’L’ or ’l’ C := alpha*A*B + beta*C,

*> SIDE = ’R’ or ’r’ C := alpha*B*A + beta*C,

*> \endverbatim
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Number of Correctly Working Code (in 10 generated codes)

NameToCcode NameToOptCcode FrtcodeToOptCcode
Level Routine GPT-4.1 o4-mini GPT-4.1 o4-mini GPT-4.1 o4-mini
1 dasum 10 10 9 7 8 8

daxpy 10 10 10 10 8 9
ddot 10 10 8 9 6 10
idamax 3 10 2 9 7 7
dnrm2 10 10 7 5 8 6
drot 10 10 8 9 6 9
drotm 8 5 3 6 8 8

2 dgemv 8 9 3 6 3 4
dger 10 10 7 7 6 10
dsymv 8 8 0 2 0 3
dsyr 10 8 0 5 7 7
dsyr2 8 9 2 7 6 10
dtrmv 3 4 0 5 2 1
dtrsv 8 9 0 4 4 7

3 dgemm 10 10 3 0 5 7
dsymm 4 8 3 3 1 4
dsyrk 3 10 0 1 4 5
dsyr2k 3 10 0 0 7 6
dtrmm 0 1 0 0 1 0
dtrsm 0 0 0 0 5 1

Even when only the routine name is given, correctly working code is generated.
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DGEMM

Reference Fortran code (a part)
IF (NOTB) THEN

IF (NOTA) THEN

* Form C := alpha*A*B + beta*C.

DO 90 J = 1,N（略）

DO 80 L = 1,K

TEMP = ALPHA*B(L,J)

DO 70 I = 1,M

C(I,J) = C(I,J) + TEMP*A(I,L

)

70 CONTINUE

80 CONTINUE

90 CONTINUE

ELSE

* Form C := alpha*A**T*B + beta*C

DO 120 J = 1,N

DO 110 I = 1,M

TEMP = ZERO

DO 100 L = 1,K

TEMP = TEMP + A(L,I)*B(L,J)

100 CONTINUE

IF (BETA.EQ.ZERO) THEN

C(I,J) = ALPHA*TEMP

ELSE

C(I,J) = ALPHA*TEMP + BETA*C

(I,J)

END IF

110 CONTINUE

120 CONTINUE

END IF

ELSE

IF (NOTA) THEN

Generated C code (an example)
#include <stdio.h>

void GPTBLAS_dgemm(const char *transa , const char *

transb , const int *m, const int *n, const int *k,

const double *alpha , const double *a, const int *

lda , const double *b, const int *ldb , const double

*beta , double *c, const int *ldc)

{

printf("[gptblas]");

int i, j, l;

int nota = (* transa == ’N’ || *transa == ’n’);

int notb = (* transb == ’N’ || *transb == ’n’);

for (j = 0; j < *n; j++) {

for (i = 0; i < *m; i++) {

double cij = (*beta) * c[i + j * (*ldc)];

double sum = 0.0;

for (l = 0; l < *k; l++) {

double a_val = nota ? a[i + l * (*lda)

] : a[l + i * (*lda)];

double b_val = notb ? b[l + j * (*ldb)

] : b[j + l * (*ldb)];

sum += a_val * b_val;

}

c[i + j * (*ldc)] = cij + (*alpha) * sum;

}

}

}

Code structure is not necessarily the same as
the reference Fortran code
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Level-1 BLAS Performance (GB/s, n=16777216)

NameToOptCcode FrtcodeToOptCcode
Routine Ref GPT-4.1 o4-mini GPT-4.1 o4-mini

dasum 6.0 68.0 (11.4x) 63.5 (10.7x) 61.5 (10.3x) 63.6 (10.7x)
daxpy 17.2 77.6 (4.5x) 68.8 (4.0x) 71.9 (4.2x) 67.8 (3.9x)
ddot 11.7 65.8 (5.6x) 63.1 (5.4x) 61.0 (5.2x) 60.8 (5.2x)
idamax 7.1 63.8 (9.0x) 65.1 (9.2x) 60.3 (8.6x) 62.8 (8.9x)
dnrm2 5.1 66.5 (12.9x) 64.0 (12.5x) 60.6 (11.8x) 63.5 (12.4x)
drot 10.6 40.6 (3.8x) 34.1 (3.2x) 34.9 (3.3x) 34.4 (3.3x)
drotm 11.1 39.6 (3.6x) 36.6 (3.3x) 34.7 (3.1x) 34.1 (3.1x)

• “Ref”: reference Fortran code (non-parallelized, non-optimized)

• Xeon Gold 6230 (20 cores, Cascade Lake) × 2, 40 threads, gcc/gfortran 11.3.0 -march=native

• Best result among the 10 generated codes

• Blank entries indicate that no working code was generated
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Level-2 BLAS Performance (GB/s, m=n=8129)

NameToOptCcode FrtcodeToOptCcode
Routine Parameters Ref GPT-4.1 o4-mini GPT-4.1 o4-mini
dgemv trans=N 9.1 5.4 (0.6x) 30.0 (3.3x) 32.3 (3.5x) 6.6 (0.7x)

trans=T 6.7 68.9 (10.4x) 66.3 (10.0x) 67.6 (10.2x) 65.9 (9.9x)
dger 18.5 46.3 (2.5x) 64.9 (3.5x) 66.4 (3.6x) 64.2 (3.5x)
dsymv uplo=L 6.1 4.6 (0.8x) 4.3 (0.7x)

uplo=U 6.1 5.3 (0.9x) 4.7 (0.8x)
dsyr uplo=L 17.4 32.4 (1.9x) 64.0 (3.7x) 64.5 (3.7x) 60.9 (3.5x)

uplo=U 17.5 61.5 (3.5x) 64.4 (3.7x) 58.9 (3.4x)
dsyr2 uplo=L 7.6 26.4 (3.5x) 63.7 (8.3x) 61.0 (8.0x) 60.2 (7.9x)

uplo=U 15.5 29.0 (1.9x) 59.6 (3.9x) 62.1 (4.0x) 58.6 (3.8x)
dtrmv uplo=L, trans=N, diag=N 7.6 7.3 (1.0x) 3.0 (0.4x) 3.0 (0.4x)

uplo=L, trans=N, diag=U 7.5 7.7 (1.0x) 2.9 (0.4x) 2.9 (0.4x)
uplo=L, trans=T, diag=N 6.5 56.9 (8.8x) 3.3 (0.5x) 3.2 (0.5x)
uplo=L, trans=T, diag=U 6.5 56.3 (8.7x) 3.3 (0.5x) 3.2 (0.5x)
uplo=U, trans=N, diag=N 9.0 7.6 (0.8x) 3.1 (0.3x) 3.1 (0.3x)
uplo=U, trans=N, diag=U 8.8 7.6 (0.9x) 3.1 (0.3x) 3.1 (0.4x)
uplo=U, trans=T, diag=N 6.1 56.7 (9.3x) 3.2 (0.5x) 3.2 (0.5x)
uplo=U, trans=T, diag=U 6.1 56.4 (9.3x) 3.2 (0.5x) 3.2 (0.5x)

• “Ref”: reference Fortran code (non-parallelized, non-optimized)

• Xeon Gold 6230 (20 cores, Cascade Lake) × 2, 40 threads, gcc/gfortran 11.3.0 -march=native

• Best result among the 10 generated codes

• Blank entries indicate that no working code was generated

37 / 47



Level-2 BLAS Performance (GB/s, m=n=8129)

NameToOptCcode FrtcodeToOptCcode
Routine Parameters Ref GPT-4.1 o4-mini GPT-4.1 o4-mini
dtrsv uplo=L, trans=N, diag=N 8.4 12.0 (1.4x) 17.5 (2.1x) 4.2 (0.5x) 3.5 (0.4x)

uplo=L, trans=N, diag=U 8.5 12.2 (1.4x) 15.4 (1.8x) 4.4 (0.5x) 3.4 (0.4x)
uplo=L, trans=T, diag=N 6.2 26.6 (4.3x) 3.1 (0.5x) 3.1 (0.5x)
uplo=L, trans=T, diag=U 6.2 26.8 (4.3x) 3.1 (0.5x) 3.1 (0.5x)
uplo=U, trans=N, diag=N 7.7 11.7 (1.5x) 15.1 (2.0x) 4.3 (0.6x) 3.0 (0.4x)
uplo=U, trans=N, diag=U 7.8 12.4 (1.6x) 15.1 (1.9x) 4.4 (0.6x) 3.1 (0.4x)
uplo=U, trans=T, diag=N 6.5 27.5 (4.2x) 3.3 (0.5x) 3.3 (0.5x)
uplo=U, trans=T, diag=U 6.5 27.1 (4.1x) 3.2 (0.5x) 3.3 (0.5x)

• “Ref”: reference Fortran code (non-parallelized, non-optimized)

• Xeon Gold 6230 (20 cores, Cascade Lake) × 2, 40 threads, gcc/gfortran 11.3.0 -march=native

• Best result among the 10 generated codes

• Blank entries indicate that no working code was generated
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Level-3 BLAS Performance (GFlops/s, m=n=k=2048)

NameToOptCcode FrtcodeToOptCcode
Routine Parameters Ref GPT-4.1 o4-mini GPT-4.1 o4-mini
dgemm transa=N, transb=N 2.7 17.4 (6.5x) 20.5 (7.7x) 18.0 (6.8x) 20.8 (7.8x)

transa=N, transb=T 2.5 16.5 (6.5x) 16.1 (6.3x) 20.7 (8.1x)
transa=T, transb=N 1.8 16.8 (9.3x) 0.8 (0.5x) 29.2 (16.1x) 23.8 (13.1x)
transa=T, transb=T 0.3 15.7 (46.3x) 3.5 (10.4x) 20.3 (59.8x)

dsymm side=L, uplo=L 3.6 13.6 (3.7x) 17.2 (4.7x) 19.9 (5.5x) 22.3 (6.2x)
side=L, uplo=U 3.5 13.9 (4.0x) 17.3 (4.9x) 19.9 (5.7x) 22.4 (6.4x)
side=R, uplo=L 2.7 13.4 (4.9x) 16.4 (6.0x) 19.0 (7.0x) 21.2 (7.8x)
side=R, uplo=U 2.7 13.4 (4.9x) 21.3 (7.8x) 18.7 (6.8x) 21.1 (7.7x)

dsyrk uplo=L, trans=N 1.0 2.9 (2.9x) 18.2 (18.2x) 16.6 (16.6x)
uplo=L, trans=T 1.9 20.1 (10.6x) 21.8 (11.5x) 27.7 (14.7x) 23.0 (12.2x)
uplo=U, trans=N 2.3 3.8 (1.6x) 16.5 (7.1x) 16.5 (7.1x)
uplo=U, trans=T 1.9 36.5 (19.2x) 21.0 (11.0x) 34.7 (18.2x) 22.5 (11.9x)

dsyr2k uplo=L, trans=N 1.8 31.0 (16.8x) 18.4 (10.0x)
uplo=L, trans=T 3.1 42.9 (13.8x) 29.6 (9.5x) 23.1 (7.4x)
uplo=U, trans=N 3.1 30.2 (9.9x) 18.1 (5.9x)
uplo=U, trans=T 3.1 43.2 (13.7x) 27.4 (8.7x) 23.0 (7.3x)

• “Ref”: reference Fortran code (non-parallelized, non-optimized)

• Xeon Gold 6230 (20 cores, Cascade Lake) × 2, 40 threads, gcc/gfortran 11.3.0 -march=native

• Best result among the 10 generated codes

• Blank entries indicate that no working code was generated
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Level-3 BLAS Performance (GFlops/s, m=n=k=2048)

NameToOptCcode FrtcodeToOptCcode
Routine Parameters Ref GPT-4.1 o4-mini GPT-4.1 o4-mini
dtrmm side=L, uplo=L, trans=N, diag=N 3.1 1.6 (0.5x) 22.4 (7.4x)

side=L, uplo=L, trans=N, diag=U 3.1 1.3 (0.4x) 22.9 (7.4x) 23.0 (7.4x)
side=L, uplo=L, trans=T, diag=N 1.8 28.7 (15.8x) 23.6 (13.0x)
side=L, uplo=L, trans=T, diag=U 1.8 28.8 (15.7x) 23.7 (12.9x)
side=L, uplo=U, trans=N, diag=N 3.0 1.7 (0.6x) 22.6 (7.5x) 22.4 (7.5x)
side=L, uplo=U, trans=N, diag=U 3.0 1.7 (0.6x) 22.6 (7.6x) 22.2 (7.5x)
side=L, uplo=U, trans=T, diag=N 1.1 27.7 (26.4x) 23.3 (22.2x)
side=L, uplo=U, trans=T, diag=U 1.1 28.3 (26.7x) 23.6 (22.2x)
side=R, uplo=L, trans=N, diag=N 3.0 0.3 (0.1x) 0.3 (0.1x)
side=R, uplo=L, trans=N, diag=U 3.1 0.3 (0.1x) 0.3 (0.1x)
side=R, uplo=L, trans=T, diag=N 3.4 0.3 (0.1x) 0.3 (0.1x)
side=R, uplo=L, trans=T, diag=U 3.5 0.3 (0.1x) 0.3 (0.1x)
side=R, uplo=U, trans=N, diag=N 3.3 0.3 (0.1x) 0.3 (0.1x)
side=R, uplo=U, trans=N, diag=U 3.2 0.3 (0.1x) 0.3 (0.1x)
side=R, uplo=U, trans=T, diag=N 3.3 0.3 (0.1x) 0.3 (0.1x)
side=R, uplo=U, trans=T, diag=U 3.3 0.3 (0.1x) 0.3 (0.1x)

• “Ref”: reference Fortran code (non-parallelized, non-optimized)

• Xeon Gold 6230 (20 cores, Cascade Lake) × 2, 40 threads, gcc/gfortran 11.3.0 -march=native

• Best result among the 10 generated codes

• Blank entries indicate that no working code was generated
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Level-3 BLAS Performance (GFlops/s, n=2048)

NameToOptCcode FrtcodeToOptCcode
Routine Parameters Ref GPT-4.1 o4-mini GPT-4.1 o4-mini
dtrsm side=L, uplo=L, trans=N, diag=N 1.4 5.0 (3.5x) 20.8 (14.6x) 24.0 (16.9x)

side=L, uplo=L, trans=N, diag=U 1.4 5.4 (3.7x) 20.9 (14.6x) 24.7 (17.2x)
side=L, uplo=L, trans=T, diag=N 1.9 16.5 (8.8x) 23.6 (12.6x) 23.5 (12.6x)
side=L, uplo=L, trans=T, diag=U 1.9 18.0 (9.6x) 23.6 (12.5x) 23.7 (12.6x)
side=L, uplo=U, trans=N, diag=N 0.9 6.9 (8.0x) 20.7 (23.8x) 24.4 (28.0x)
side=L, uplo=U, trans=N, diag=U 0.9 4.4 (5.0x) 20.9 (24.0x) 24.5 (28.1x)
side=L, uplo=U, trans=T, diag=N 1.9 17.1 (9.2x) 23.4 (12.6x) 23.5 (12.7x)
side=L, uplo=U, trans=T, diag=U 1.9 16.5 (8.9x) 23.4 (12.6x) 23.5 (12.7x)
side=R, uplo=L, trans=N, diag=N 3.3 9.9 (3.0x) 0.3 (0.1x)
side=R, uplo=L, trans=N, diag=U 3.2 9.1 (2.8x) 0.3 (0.1x)
side=R, uplo=L, trans=T, diag=N 2.8 6.3 (2.3x) 20.5 (7.4x)
side=R, uplo=L, trans=T, diag=U 2.8 5.8 (2.1x) 18.0 (6.5x)
side=R, uplo=U, trans=N, diag=N 3.3 8.8 (2.7x) 0.3 (0.1x)
side=R, uplo=U, trans=N, diag=U 3.3 9.9 (3.0x) 0.3 (0.1x)
side=R, uplo=U, trans=T, diag=N 2.8 6.3 (2.3x) 20.2 (7.3x)
side=R, uplo=U, trans=T, diag=U 2.8 6.5 (2.4x) 18.9 (6.8x)

• “Ref”: reference Fortran code (non-parallelized, non-optimized)

• Xeon Gold 6230 (20 cores, Cascade Lake) × 2, 40 threads, gcc/gfortran 11.3.0 -march=native

• Best result among the 10 generated codes

• Blank entries indicate that no working code was generated
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Optimized Code

• OpenMP is applied, but not always with the optimal strategy

• SIMD is often applied with #pragma omp simd or AVX2/AVX-512 intrinsics
▶ Code branching is implemented with macros ( AVX , AVX512F )

• Block size is often arbitrarily set to 64 (some cases use 128 or 256)
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Summary

Conclusions

• Even when only the routine name is provided, correctly working code can be generated
▶ Code structure is often different from the reference Fortran code
▶ Code generation may be based on knowledge learned from specifications and documentation

• Even general-purpose/volume-zone LLMs are capable of generating BLAS-level code

• Optimization for complex codes (level-3 routines) still poses many challenges

Future work

• Many ideas for improvement...

• Evaluation of open-weight LLMs → toward the development of local LLM-based code
generation systems

• Construction of benchmark sets for numerical computation code generation (BLAS may
be somewhat unsuitable for performance evaluation since documents and codes are widely
available online)
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Anthropic Claude Code

Usage

• Used for about one month, subscribed to the Max plan at 200 USD/mo.

• Numerical computation code development for CPUs/GPUs

• I have been writing almost all code with only Japanese instructions to Claude Code

Impressions

• Still many limitations, but still wonderful

• Thoughtful – handling vague requests appropriately like smart engineer
▶ Automatically creates Makefile and comprehensive test suites for debugging
▶ Infer meaning of variable names and scan multiple codes to find the relevant part for the task

• Strong debugging capability
▶ Dumping results with printf for verification between CPU and GPU
▶ For GPUs, automatically transfers data to the host and outputs it
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Claude Code – DGEMM Generation

DGEMM by Claude Code

• Claude Code v1.0.60, Opus 4

• CPU: Intel Core i5-14400F (Raptor Lake) – 225.6 + 112.0 = 337.6 GFLOPS
▶ Performance-cores: 4.7 GHz × 4 (AVX2) × 2 (FMA) × 6 cores = 225.6 GFLOPS
▶ Efficient-cores: 3.5 GHz × 4 (AVX2) × 2 (FMA) × 4 cores = 112.0 GFLOPS
▶ 16 threads (P-core 2 threads/core, E-core, 1 thread/core)

• OpenBLAS 0.3.30 for comparison

Prompts

1. “Please implement the BLAS dgemm routine in C language. Please check the CPU
information using ‘cat /proc/cpuinfo’ and optimize the code to achieve maximum
performance in this environment. Please compare the results with OpenBLAS (installed in

‘/̃local’) to verify the correctness.”

2. “Please optimize further.”
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Claude Code – Performance of Generated Code

# Version 1
...
N=1024: Optimized: 55.44 GFLOPS, OpenBLAS: 310.42 GFLOPS, Efficiency: 17.9%, Error: 1.598721e-14
N=1536: Optimized: 52.42 GFLOPS, OpenBLAS: 313.46 GFLOPS, Efficiency: 16.7%, Error: 1.776357e-14
N=2048: Optimized: 51.14 GFLOPS, OpenBLAS: 315.77 GFLOPS, Efficiency: 16.2%, Error: 2.309264e-14
N=3072: Optimized: 51.67 GFLOPS, OpenBLAS: 323.50 GFLOPS, Efficiency: 16.0%, Error: 2.553513e-14
N=4096: Optimized: 48.36 GFLOPS, OpenBLAS: 329.53 GFLOPS, Efficiency: 14.7%, Error: 3.108624e-14

↓
“Please optimize further.”
↓

# Version 2
...
N=1024: Optimized: 203.34 GFLOPS, OpenBLAS: 305.95 GFLOPS, Efficiency: 66.5%, Error: 7.771561e-15
N=1536: Optimized: 286.05 GFLOPS, OpenBLAS: 314.14 GFLOPS, Efficiency: 91.1%, Error: 0.000000e+00
N=2048: Optimized: 287.40 GFLOPS, OpenBLAS: 319.22 GFLOPS, Efficiency: 90.0%, Error: 1.154632e-14
N=3072: Optimized: 310.42 GFLOPS, OpenBLAS: 323.78 GFLOPS, Efficiency: 95.9%, Error: 0.000000e+00
N=4096: Optimized: 317.58 GFLOPS, OpenBLAS: 330.58 GFLOPS, Efficiency: 96.1%, Error: 1.509903e-14

Used optimizations: OpenMP, SIMD intrinsics, micro-kernelization, cache-blocking,
register-blocking, data-packing for contiguous memory access
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Conclusion

Coding AI

• Interactive (e.g. ChatGPT) → Assistant (e.g. Cursor) → Agent (e.g. Claude Code)

• The use is becoming commonplace. There’s no reason not to use it.

• MUST technology for Fugaku NEXT to enable GPU of existing code

Ongoing work

• HPC-GENIE project at Information Technology Center, Nagoya University

• VibeCodeHPC – multi-agent auto-tuning framework for HPC codes

• Code translation for CUDA/HIP/SYCL (to be reported soon)

• Fortran to GPU
▶ 星野哲也，林俊一郎，椋木大地，片桐孝洋，塙敏博，「GeoFEMを対象とした ClaudeCodeによ
る GPUコード開発の評価」，第 201回ハイパフォーマンスコンピューティング研究発表会，
2025年 9月 29日 (in Japanese)．
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