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Abstract

As a crucial operator in numerous scientific and engineering
computing applications, the automatic optimization of Gen-
eral Matrix Multiplication (GEMM) with full utilization of
ever-evolving hardware architectures (e.g. GPUs and RISC-
V) is of paramount importance. While Large Language Mod-
els (LLMs) can generate functionally correct code for sim-
ple tasks, they have yet to produce high-performance code.
The key challenge resides in deeply understanding diverse
hardware architectures and crafting prompts that effectively
unleash the potential of LLMs to generate high-performance
code.
In this paper, we propose a novel prompt mechanism called
QiMeng-GEMM , which enables LLMs to comprehend the
architectural characteristics of different hardware platforms
and automatically search for the optimization combinations
for GEMM. The key of QiMeng-GEMM is a set of in-
formative, adaptive, and iterative meta-prompts. Based on
this, a searching strategy for optimal combinations of meta-
prompts is used to iteratively generate high-performance
code. Extensive experiments conducted on 4 leading LLMs,
various paradigmatic hardware platforms, and representa-
tive matrix dimensions unequivocally demonstrate QiMeng-
GEMM’s superior performance in auto-generating optimized
GEMM code. Compared to vanilla prompts, our method
achieves a performance enhancement of up to 113×. Even
when compared to human experts, our method can reach
115% of cuBLAS on NVIDIA GPUs and 211% of Open-
BLAS on RISC-V CPUs. Notably, while human experts of-
ten take months to optimize GEMM, our approach reduces
the development cost by over 240×.

1 Introduction
As one of the most important computations in computer sci-
ence (Tan et al. 2011), GEMM occupies over 90% of the
total computations in deep learning applications, including
LLMs. High-performance implementation of GEMM can
achieve over 1300× acceleration (Hennessy and Patterson
2019), making it essentially important for the execution ef-
ficiency of most scientific and engineering applications (Jia
2014; Zhu et al. 2024b). Thus, designing high-performance
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GEMM code has received considerable attention from both
academia (Sui et al. 2024; Jang et al. 2024; Wei et al. 2024)
and industry such as hardware vendors including Intel (In-
tel 2023), NVIDIA (NVIDIA 2023b), and AMD (Sitaraman
2024), etc.
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Figure 1: LLMs guided by our QiMeng-GEMM can gener-
ate high-performance GEMM code.
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There are two main paradigms for designing high-
performance GEMM, i.e., manual implementation and au-
tomatic compilation. The manual implementation approach
requires extensive hand-tuned manipulation of hardware
components (Rasch et al. 2021), which is time-consuming,
error-prone, and not portable across different platforms.
Hardware vendors like Intel and NVIDIA provide manu-
ally optimized GEMM libraries (e.g., MKL (Krainiuk et al.
2021) and cuBLAS (NVIDIA 2023a)) to fully exploit the
computing capability of the underlying hardware. The auto-
matic compilation approach formulates code generation as
the exploration in a large program space (Purini et al. 2013;
Shin, Nam et al. 2021; Bi et al. 2023; Chen et al. 2024;
Shi et al. 2023, 2022), which can significantly reduce hu-
man efforts while the attained performance often lags be-
hind manual implementations. As the hardware heterogene-
ity and complexity (e.g., X86 CPU, RISC-V CPU (Green-
gard 2020), NIVIDA GPU, Google TPU (Jouppi et al. 2017;
Norrie et al. 2021; Jouppi et al. 2023)) continues to grow,
automatically generating GEMM code, which delivers com-
parable or even better performance than manual implemen-
tations, is crucial to the success of hardware platforms.

LLMs such as GPT-4 (Achiam et al. 2023) and CodeL-
lama (Roziere et al. 2023) have demonstrated remarkable ca-
pabilities in code generation (Bairi et al. 2024; Zhong et al.
2024; Li et al. 2024; Holt et al. 2024; Wang et al. 2023;
Li et al. 2022; Chen et al. 2021; Nijkamp et al. 2022), and
thus offer a promising new approach for automatically gen-
erating high-performance GEMM code. However, existing
LLMs fail to address this problem, because they cannot com-
prehend the complicated characteristics of hardware plat-
forms (Olausson et al. 2023), let alone manipulate the hard-
ware components in a sophisticated manner. We observe that
appropriate prompt design can help LLMs better understand
hardware characteristics, thereby significantly enhancing the
functional accuracy and performance.

The design of LLM prompts for high-performance
GEMM code generation poses three major challenges. The
first challenge is to design robust prompts that generate func-
tionally correct code during performance optimization. The
second challenge is to provide a searching space for the op-
timal prompt permutations. The third challenge is to design
versatile prompts that are compatible with different hard-
ware platforms.

To mitigate the above challenges, we propose QiMeng-
GEMM, a novel prompt mechanism for LLMs to auto-
matically generate high-performance GEMM code across
hardware platforms, as illustrated in Figure 1. It defines a
set of meta-prompts by summarizing the core optimization
heuristics of GEMM conducted by human experts. Then, an
automatic searching strategy determines the optimal meta-
prompt combinations for code generation. QiMeng-GEMM
well addresses the aforementioned challenges: (1) the entire
code generation process is formulated as a series of well-
defined meta-prompts to decrease the reasoning complex-
ity and enhance the functional accuracy, (2) the automatic
tuning enables exhaustive search of all possible combina-
tions of meta-prompts, potentially surpassing manual opti-
mization for better performance, and (3) the meta-prompts

contain both platform-agnostic description and platform-
specific hints for achieving portability across diverse plat-
forms.

To our best knowledge, we are the first to automati-
cally generate high-performance GEMM code by exploiting
LLMs. This paper makes the following contributions:

• We propose a set of meta-prompts that incorporate five
common GEMM optimization techniques, enabling LLMs
to understand the architectural characteristics of various
hardware platforms.

• We introduce auto-tuning, which automatically searches
for the optimal permutations of meta-prompts to generate
high-performance GEMM code tailored to specific hard-
ware platforms.

• We conduct thorough evaluations across various plat-
forms and GEMM shape configurations. The results show
that the code generated by our approach outperforms
vanilla prompt and hand-optimized libraries crafted
by human experts. Compared with the vanilla prompt,
our method achieves up to 113.67× and 9.65× perfor-
mance improvement on a CPU and a GPU respectively.
Compared with hand-optimized libraries, our method
achieves performance increase of up to 211% of Open-
BLAS on a CPU and 115% of cuBLAS on a GPU.

• Last but not least, the proposed QiMeng-GEMM frame-
work significantly reduces the development cost by over
240×, compared with human experts.

2 Preliminary
2.1 Optimization Primitives
GEMM optimization techniques can be essentially catego-
rized into several fundamental and executable operations
(named as “primitive”), which serve as the building block
of GEMM optimization. The illustration of those primitives
is shown in Figure 2.
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Figure 2: The illustrative example of the five GEMM opti-
mization primitives.
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Figure 3: QiMeng-GEMM overview. (a) The proposed QiMeng-GEMM framework is comprised of two main components:
meta-prompts and auto-tuning. We first introduce a set of well-defined meta-prompts that incorporate five common GEMM
optimization techniques (i.e., tiling, reordering, vectorization, layout, and pipeline) along with platform-specific hints retrieved
from pre-defined hint repositories. These meta-prompts enable LLMs to fully understand the optimization goals by capturing
the architectural characteristics of various platforms. The auto-tuning mechanism allows for an exhaustive search of all possible
optimization permutations of meta-prompts, facilitating the generation of high-performance GEMM code that can even surpass
manual optimization. (b) illustrates the iterative process of using LLMs to generate GEMM code on a RISC-V CPU.

• Tiling involves partitioning the matrix into blocks that
can fit into the cache, thus enhancing memory access ef-
ficiency (Faingnaert et al. 2022).

• Reordering optimizes memory access by swapping the
order of the for-loops in the code (Anam et al. 2013).

• Vectorization packs several numbers from the matrix
together for efficient memory accessing and comput-
ing (Katel et al. 2021).

• Layout changes the arrangement of the matrix to
match specific hardware memory access characteris-
tics (Kurzak, Tomov, and Dongarra 2012).

• Pipeline improves performance by overlapping differ-
ent stages of computation and data movement, allowing
for continuous processing and reducing the idle time be-
tween operations (Tan et al. 2011).

2.2 Hardware Characteristics
The diverse hardware characteristics pose substantial chal-
lenges for high-performance GEMM code generation, which
mainly stem from their different memory hierarchy and com-
puting model.

• Memory Hierarchy is a critical factor in determining
the appropriate tiling strategy. For instance, on GPUs,
dataflows move from global memory to shared memory
and then to local memory, which requires the use of multi-
level tiling. Conversely, on CPUs, only cache locality

needs to be considered, making a simple block tiling suffi-
cient. Additionally, the memory access pattern in GEMM
code must align with the hardware characteristics, such as
swizzle (Phothilimthana et al. 2019) on GPUs and array
packing on CPUs (Jian Weng et al. 2023).

• Computing Model directly influences how GEMM is
computed and its overall efficiency. For example, GPUs
and CPUs utilize SIMT (Single Instruction, Multiple
Threads) and SIMD (Single Instruction, Multiple Data)
models, respectively. As a result, GEMM optimization on
GPUs primarily focuses on optimizing task mapping to be
executed across more threads. In contrast, on CPUs, the
emphasis is on leveraging specialized vector instructions
to enhance performance.

3 Method
In this section, we first present the overview of our QiMeng-
GEMM framework, which effectively unleashes the po-
tential of LLMs and thus automatically generates high-
performance GEMM code across diverse platforms, as
shown in Figure 3. The two key components will be detailed
in subsequent subsections.

3.1 Meta-Prompt
The meta-prompt offers universal templates for various gen-
eral optimization techniques and platform-specific optimiza-
tion details. It is composed of a platform-agnostic descrip-
tion, platform-specific hints, and an instantiation method.
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# Meta-Prompt for Tiling on RISC-V CPU
# Component 1: platform-agnostic description
Tiling the matrix to small pieces ....

# Component 2: platform-specific hint 
## Specific tiling method on RISC-V CPU
Block Tiling: Separate “for” loops to small ...

## Specific tiling code on RISC-V CPU
......
for (int jc = 0; jc < n; jc += NC) {
for (int pc = 0; pc < k; pc += KC) {
for (int ic = 0; ic < m; ic += MC){
// loop within blocks

......

# Meta-Prompt for Tiling on NIVIDIA GPU
# Component 1: platform-agnostic description
Tiling the matrix to small pieces ....

# Component 2: platform-specific hint 
## Specific tiling method on NVIDIA GPU
Warp Tiling: Warp is ... Add warp-level tiling ...

## Specific tiling code on NVIDIA GPU
...... 
int wid = tid / 32;
...
for(int wm=0; ...)
for(int wn=0; ...)

......

Figure 4: An illustrative example of instantiation for the
tiling meta-prompts on RISC-V CPU and NVIDIA GPU.

Platform-Agnostic Description. A platform-agnostic de-
scription is the natural language description for the gen-
eral GEMM optimization techniques for different hardware
platforms. As demonstrated in Section Preliminary, we have
categorized the general optimization techniques for GEMM
into five primitives: tiling, reordering, layout, vectorization,
and pipeline. For each optimization primitive, the corre-
sponding meta-prompts are pre-defined by the human ex-
perts to decrease the reasoning complexity and thus enhance
the functional accuracy of LLMs.
Platform-Specific Hints. Platform-specific hints include
the natural language description and code skeleton tailored
to specific hardware platforms, which provide detailed hard-
ware characteristics to generate optimized GEMM code
across diverse hardware platforms. The platform-specific
natural language descriptions integrate general GEMM op-
timization strategies with the hardware characteristics of the
target platform. For example, on NVIDIA GPUs, dataflow
progresses from global memory to shared memory and fi-
nally to local memory, which necessitates the use of multi-
level tiling. In contrast, on RISC-V CPUs, only cache lo-
cality needs to be considered, so a single level of tiling is
sufficient. The platform-specific code skeleton is also cru-
cial for enhancing LLMs to generate the proper optimized
GEMM code. It does not desire a complete piece of code, but
rather includes only the nested for-loop structures (e.g., for
tiling optimization), instruction examples (e.g., for vector-
ization optimization), or pseudocode representing the com-
puting stages of the code (e.g., for pipeline optimization)

To help LLMs fully understand the architectural charac-
teristics of diverse platforms (such as memory hierarchy and
computing model), we have developed hint repositories con-
taining pre-defined natural language descriptions and corre-
sponding code snippets. This allows for the flexible combi-
nation of GEMM primitives and platform-specific hints to
generate diverse prompts, a process that will be detailed in
the next subsection.

Instantiation. The instantiation primarily describes the
process from the general meta-prompts to the prompts that
are tailored for specific platform. Concretely, before prompt-
ing to LLMs for generating high-performance code on a
specific platform, QiMeng-GEMM first retrieves the essen-
tial clues from the pre-defined hint repository, and inte-
grates the corresponding hints into the meta-prompt tem-
plates. An illustrative example of instantiation for the tiling
meta-prompts on RISC-V CPU and NVIDIA GPU is shown

Algorithm 1: Pseudocode of Auto-Tuning in QiMeng-
GEMM
Input: A set of meta-prompts pA, beam width k, the max
iteration T
Output: High-performance GEMM code

1: Initialize the naive implementation of GEMM code c0

as the root of tree C ← {c0}
2: for t < T do {▷ t denotes the t-th iteration}
3: for Each code ct−1 in C do
4: LLMs suggest optimization primitive candidates
5: for Each optimization primitive candidate mp do
6: Instance mp wsith platform-specific hint
7: ct = LLM(ct−1,mp)
8: Add ct to Cnew with its performance
9: end for

10: end for
11: Prune Cnew to retain only the top k performance
12: C ← Cnew
13: end for
14: return The code in C with the highest performance

in Figure 4. Regarding the RISC-V CPU, since only cache
locality needs to be considered, the platform-specific hints
required for the instantiation of tiling meta-prompts are quite
simple, such as breaking down the original GEMM output
into smaller blocks. Regarding the NVIDIA GPU, given its
unique warp programming abstraction, the platform-specific
hints include a basic explanation of the warp and a fun-
damental definition of warp-level tiling. Finally, a relevant
code skeleton is provided to assist LLMs in understanding
the semantics of this GEMM optimization. This instantiation
mechanism reduces the need for manual intervention and
can adaptively carry out platform-specific GEMM optimiza-
tion, relying solely on a pre-defined repository of hints that
outlines the architectural characteristics of the hardware.

3.2 Auto-Tuning
To fully explore the large search space of GEMM optimiza-
tions and achieve higher performance, we propose the auto-
tuning mechanism, which allows the LLMs to automatically
search through different permutations of optimization prim-
itives in a tree structure.

Algorithm 1 details the auto-tuning process. Concretely,
it starts with the naive GEMM code generated by LLMs as
the root node. In the following iterations of GEMM opti-
mization, LLMs analyze the characteristics of current code
and recommend multiple candidates from the given five
GEMM optimization primitives. For each candidate, rele-
vant platform-specific optimization hints are extracted from
the hint repository, and the meta-prompts are instantiated
into prompts for LLM interaction to generate a new opti-
mized code. During this process, incorrect GEMM codes
are pruned from the entire optimization tree, leaving only the
Top-K results based on the evaluated performance. The auto-
tuning process concludes when there is no further perfor-
mance improvement in the optimized GEMM code or when
the maximum number of iterations is reached, resulting in
the final optimized code.
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4 Evaluation
4.1 Experiment Setup
To study the effects of the proposed QiMeng-GEMM, ex-
periments are organized around four main factors that influ-
ence performance. Due to space limitations, additional ex-
periments are shown in the appendix.

Hardware Platforms. The experiments are conducted on
various hardware platforms, including XuanTie C910 RISC-
V CPU (Chen et al. 2020), NVIDIA RTX 4070 GPU, and
A100 GPU.

LLMs. The proposed framework is validated on four
SOTA LLMs, including the closed-source models of GPT-
4o (OpenAI 2024) and Claude 3.5 sonnet (Claude3.5 2024),
as well as the open-source models of DeepSeek-Coder-
V2 (Zhu et al. 2024a) and Codestral-22B (Mistral.AI 2024).

Prompt Variants. The proposed meta-prompt is com-
pared with vanilla prompt and CoT prompt (Wei et al.
2022). The vanilla prompt consists of basic LLM activation
phrases, the fundamental concept of GEMM, and the func-
tion interfaces required. Based on the vanilla prompt, the
CoT prompt adds a phrase to encourage step-by-step think-
ing in LLMs.

Matrix Dimensions. Experiments are conducted on typ-
ical matrix multiplication dimensions, prevalent in deep
learning (LeCun et al. 2015), such as Llama2-7b (Touvron
et al. 2023), Mistral-7B (Jiang et al. 2023) etc.

4.2 Overall Performance
Table 1 shows the performance of QiMeng-GEMM with
several SOTA LLMs on different hardware platforms. Ta-
ble 2 demonstrates the performance comparison between the
QiMeng-GEMM and simple CoT methods. It is clearly ev-
ident from the table that our method can enable LLMs to
generate code that exhibits both functional correctness and
high performance.

QiMeng-GEMM outperforms the vanilla prompts on all
four SOTA LLMs. Taking GPT-4o as an example, on C910
CPU, our method performs up to 113.67× better than the
vanilla prompts. On RTX 4070 and A100 GPUs, our ap-
proach achieves a performance improvement up to 9.65×
and 3.92× respectively. More importantly, our method
can even achieve better performance than the manually-
optimized libraries such as OpenBLAS and cuBLAS. The
code generated by QiMeng-GEMM significantly outper-
forms OpenBLAS up to 211%(10.23/4.85) on C910 CPU
and cuBLAS up to 115%(10.55/9.14) on RTX 4070 GPU.

Subsequently, we will present the experimental observa-
tions pertaining to the four primary factors influencing per-
formance, and provide insight into the underlying rationales.
The primary experimental results are presented in the main
text. More details please refer to Appendix.

• The Impact of Hardware Platforms: Using our deli-
cate meta-prompt, the code automatically generated
by LLMs generally achieves better performance on
RISC-V CPUs than on NVIDIA GPUs. The perfor-
mance improvements on C910 CPU and RTX4070 GPU

are up to 113.67× and 9.65× respectively, which high-
lights the disparity in speedup between the CPU and
GPU. Unlike the SIMD parallelization on CPUs, GPUs
use SIMT parallelization, which results in a coding pat-
tern for GPUs that differs from the conventional C pro-
gramming paradigm typically used for CPU code. Un-
like the conventional C code style in CPUs, the CUDA C
programming paradigm on GPUs achieves functionality
by writing kernel functions that are executed massively
across each thread. This results in the outer loops of the
code being implicit in CUDA C, causing a domain shift
from the extensive C-style codes that LLMs are typically
trained on.

• The Impact of LLMs: The more powerful LLMs
are, the greater performance improvement can be
achieved in generating complex task code with
QiMeng-GEMM. As experiments with different LLMs,
two closed-source LLMs demonstrated solid perfor-
mance optimizations across different hardware platforms
up to 9.65× on RTX4070. Among the open-source mod-
els, the larger-parameter Deepseek-v2 (with 236B pa-
rameters) gains relatively better results of 8.79×, while
the smaller-parameter Codestral-22B (with 22B parame-
ters) exhibits lower performance on GPU. Solving chal-
lenging tasks such as GEMM optimization requires ro-
bust capabilities of LLMs. During the pre-training stage,
LLMs need to learn enough domain knowledge from the
training data to facilitate generalization to new tasks with
minimal prompting. During the inference stage, LLMs
need to understand over-length context presenting var-
ious domain knowledge and examples. Besides, LLMs
must be able to follow complex prompt instructions to
automatically schedule multi-turn conversations and in-
tegrate results.

• The Impact of Prompt Mechanism: The informative,
adaptive and iterative prompt can efficiently activate
the potential of LLMs to generate high-performance
code. Our meta-prompt constantly outperforms vanilla
prompt and simple CoTs. It not only includes a highly
refined and critical description of optimization methods
but also incorporates the core code structure and code
hints essential for implementing the optimization tech-
niques. For example, in warp tiling method in GPU, it is
needed to incorporate an additional granularity level in
the tiling blocking strategy. We just add the “for-loops”
for(wm;wm<WM;wm++) to templates and then gener-
ate the code optimized by warp tiling. Our prompts can
fully unlock the potential of LLMs in a concise and effi-
cient manner, guide them to focus on high-quality solu-
tion spaces, and find the correct optimal solution quickly.

• The Impact of Matrix Dimensions: The larger the ma-
trix dimensions are, the greater performance gains
can be achieved by QiMeng-GEMM. Taking C910
CPU as an example, we achieve 113.67× speedup on
the matrix of dimension of 4096, while 34.15× of 512.
In the case of GEMM algorithms on CPUs, the vanilla
implementation often faces an increased cache miss rate
as matrix dimensions grow, leading to a decrease in
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Hardware LLMs 256 512 768 1024 1536 2048 4096

C910
(CPU)

GPT-4o (Achiam et al. 2023) 0.27 0.18 0.19 0.14 0.18 0.10 0.09
+Our QiMeng-GEMM 9.22 9.40 9.93 9.91 9.81 10.08 10.23

(↑34.15× ) (↑52.22× ) (↑52.26× ) (↑70.79× ) (↑54.50× ) (↑100.80× ) (↑113.67× )

Claude 3.5 Sonnet (Claude3.5 2024) 2.79 2.62 2.72 2.64 2.75 1.56 0.74
+Our QiMeng-GEMM 7.42 7.07 6.93 6.83 7.09 6.33 6.35

(↑2.66×) (↑2.70×) (↑2.55×) (↑2.59×) (↑2.58×) (↑4.06×) (↑8.58×)

DS-Coder-V2 (Zhu et al. 2024a) 0.76 0.60 0.48 0.61 0.67 0.46 0.10
+Our QiMeng-GEMM 1.44 1.33 1.30 1.24 1.27 1.17 1.15

(↑1.89×) (↑2.22×) (↑2.71×) (↑2.03×) (↑1.90×) (↑2.54×) (↑11.50×)

Codestral-22B (Jiang et al. 2024) 0.16 0.09 0.07 0.05 0.08 0.03 0.02
+Our QiMeng-GEMM 0.86 0.48 0.63 0.28 0.40 0.30 0.17

(↑5.38×) (↑5.33×) (↑9.00×) (↑5.60×) (↑5.00×) (↑10.00×) (↑8.50×)

OpenBLAS 0.3.27 (Zhang et al. 2012) 7.35 5.82 5.49 5.01 4.94 5.11 4.85

Hardware LLMs 512 768 1024 2048 4096 8192 16384

RTX 4070
(GPU)

GPT-4o (Achiam et al. 2023) 1.53 1.68 1.77 1.78 1.65 1.48 1.46
+QiMeng-GEMM 8.17 10.55 11.47 13.31 14.16 14.28 13.92

(↑5.34×) (↑6.28×) (↑6.48×) (↑7.48×) (↑8.58×) (↑9.65×) (↑9.53×)

Claude 3.5 Sonnet (Claude3.5 2024) 1.49 1.59 1.71 1.79 1.61 1.47 1.42
+Our QiMeng-GEMM 5.13 10.21 10.94 12.10 14.05 14.08 13.11

(↑3.44×) (↑6.42×) (↑6.40×) (↑6.76×) (↑8.73×) (↑9.58×) (↑9.23×)

DS-Coder-V2 (Zhu et al. 2024a) 1.42 1.64 1.63 1.71 1.58 1.42 1.38
+Our QiMeng-GEMM 4.04 8.44 9.14 10.73 12.65 12.48 10.72

(↑2.85×) (↑5.15×) (↑5.61×) (↑6.27×) (↑8.01×) (↑8.79×) (↑7.77×)

Codestral-22B (Jiang et al. 2024) 1.35 1.42 1.62 1.68 1.51 1.35 1.27
+Our QiMeng-GEMM 1.55 1.40 1.73 1.82 1.46 1.40 1.30

(1.15×) (0.99×) (1.07×) (1.08×) (0.97×) (1.03×) (1.02×)

cuBLAS 12.1 (NVIDIA 2023a) 7.81 9.14 10.79 12.77 12.78 14.25 12.74

A100
(GPU)

GPT-4o (Achiam et al. 2023) 3.62 3.98 4.19 4.27 4.71 4.72 4.73
+Our QiMeng-GEMM 7.02 10.48 12.61 15.27 17.99 18.36 18.55

(↑1.94×) (↑2.63×) (↑3.01×) (↑3.57×) (↑3.82×) (↑3.89×) (↑3.92×)

Claude 3.5 Sonnet (Claude3.5 2024) 3.57 4.26 4.64 5.33 5.27 5.32 5.34
+Our QiMeng-GEMM 6.91 10.29 12.04 16.17 18.27 18.83 18.89

(↑1.91×) (↑2.42×) (↑2.59×) (↑3.03×) (↑3.27×) (↑3.54×) (↑3.47×)

DS-Coder-V2 (Zhu et al. 2024a) 3.63 3.98 4.20 4.61 4.70 4.71 4.74
+Our QiMeng-GEMM 6.84 11.14 11.37 13.46 17.65 18.5 18.61

(↑1.88×) (↑2.80×) (↑2.68×) (↑2.88×) (↑3.76×) (↑3.93×) (↑3.92×)

Codestral-22B (Jiang et al. 2024) 3.61 3.94 4.20 4.33 4.68 4.72 4.73
+Our QiMeng-GEMM 3.71 4.18 4.16 4.67 4.77 4.64 4.86

(1.03×) (1.06×) (0.99×) (1.08×) (1.02×) (0.98×) (1.03×)

cuBLAS 12.1 (NVIDIA 2023a) 8.60 12.32 16.26 17.20 18.97 19.07 19.22

Table 1: Performance comparison on various hardware, LLMs, and matrix dimensions. The first line of each LLM indicates the
vanillina prompt. Performance is measured with GFLOPS and TFLOPS for CPU and GPU, respectively.

GFLOPS as the matrix size increases. More importantly,
with the rapid growth of LLM sizes and the widespread
use of long contexts in recent years, GEMM dimen-
sions also increase rapidly. Performance optimization for
larger matrices has become a key factor affecting overall

performance. QiMeng-GEMM gains significantly higher
speedup for larger matrices, which perfectly aligns with
this trend.
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512 1024 2048

GPT-4o 0.18 0.14 0.10
CoT 0.81 0.63 0.18

(↑ 4.50×) (↑ 4.50×) (↑ 1.80×)
+Our QiMeng-GEMM 9.40 9.91 10.08

(↑ 52.22×) (↑ 70.79×) (↑ 100.80×)
Claude 3.5 2.62 2.64 1.56
+CoT 3.66 2.79 2.47

(↑ 1.40×) (↑ 1.06×) (↑ 1.58×)
+Our QiMeng-GEMM 7.07 6.83 6.33

(↑ 2.70×) (↑ 2.59×) (↑ 4.06×)

Table 2: GFLOPS performance comparison of typical
prompt methods on C910 CPU.

Template Instantiation w/o Hint w/ Hint

Tiling
Block Tiling 4.74 4.78
Thread Tiling 4.31 14.59
Warp Tiling - 16.41

Vectorization Float4 - 16.85

Pipeline Double Buffer 16.72 18.51

Table 3: Platform-specific hints effectively activate the pro-
gramming capabilities of LLMs for generating correct and
high-performance GEMM codes on A100 GPU. Perfor-
mance is measured with TFLOPS.

A100 GPU C910 CPU
Time TFLOPS Time GFLOPS

Junior Coder 24 days 11.70 7 days 1.45
Senior Coder 5 days 16.34 3 days 3.08
QiMeng-GEMM 10 mins 15.27 7 mins 9.91

Table 4: Comparison of development cost.

4.3 Ablation Study
The Impact of Platform-Specific Hints. As shown in Ta-
ble 3, the proposed platform-specific hints assist LLMs in
fully comprehending platform architecture characteristics,
thereby significantly enhancing both the functional correct-
ness and performance of the code generated by LLMs.

Concretely, for simple optimization techniques such as
block tiling, the performance gap with or without our hints is
not significant. However, for thread tiling, the proposed hints
can boost the performance of the code generated by LLMs
from 4.31 TFLOPS to 14.59 TFLOPS. Moreover, without
the platform-specific hints, LLMs are unable to generate cor-
rectly executable code for the GEMM optimization tailored
to specific hardware, such as warp tiling, thread tiling, and
float4 vectorizaion.
The Impact of Auto-Tuning. To better illustrate QiMeng-
GEMM’s ability to generate high-performance GEMM
code, we examine the auto-tuning process as shown in Fig-
ure 5. It is important to note that we retained all search trails
without pruning incorrect or low-performance code, allow-
ing for a more comprehensive evaluation of the search space
quality. Results indicate that among the 25 search trails,
QiMeng-GEMM consistently generates functionally correct
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Figure 5: Search exploration to illustrate the possibility of
achieving positive results on C910 CPU. The horizontal axis
represents the iteration number of the search, and the vertical
axis represents the performance of the code searched.

GEMM code (76%), and 9 out of 25 trails (36%) surpass the
performance of the manually optimized OpenBLAS library.
Notably, the best performance achieved by QiMeng-GEMM
even exceeds OpenBLAS by 100%.

The Impact of Development Costs. Table 4 compares
the development costs of QiMeng-GEMM for the matrix of
dimension 1024 on two representative platforms. Two CS
Master’s students with three years of coding experience and
two software engineers with five years of experience serve as
junior and senior coders, respectively. Results show that, on
GPU, the proposed method reduces development time from
24 days to 10 minutes while also surpassing 30% of the ju-
nior coders’ performance. Compared to a senior coder, our
approach reduces the development cost by 240× (assuming
an eight-hour workday), while maintaining comparable per-
formance. Similarly, on CPU, it reduces development time
from 3 days to 7 minutes, exceeding 221% of the senior
coders’ performance.

5 Conclusion
In this paper, we propose a novel prompt mechanism
called QiMeng-GEMM to fully activate LLMs in high-
performance GEMM code generation. Through extensive
experimental comparison, we find that the key challenge re-
sides in unleashing the potential of LLMs to comprehend
various architectural characteristics by meta-prompts and
automatically search for the optimal combinations of meta-
prompts for optimizing GEMM. The results show that the
code generated by our approach could outperform hand-
optimized libraries crafted by human experts. Crucially,
while human experts often take months to optimize GEMM,
our approach reduces the development cost by over 240×.

The progress of QiMeng-GEMM has demonstrated sig-
nificant potential within rapidly evolving architectures. In
the future, we plan to extend our adaptations to more ar-
chitectures and instruction sets. The novel methodology de-
lineated in this paper will be made accessible as a dedicated
tool, to encourage future research in the field.
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