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Abstract—Single Instruction, Multiple Data (SIMD) technology
enhances performance through parallel data processing on CPUs.
SIMD platforms are widely adopted across domains ranging
from high-performance computing to AI inference. As modern AI
workloads increasingly rely on Python-based kernel frameworks
to maintain usability and benefit from automatic tuning, Triton
has emerged as a representative solution. However, Triton’s auto-
tuning mechanism, designed primarily for NVIDIA GPUs, fails
to effectively exploit the architectural features of SIMD CPUs,
creating a significant performance gap on these platforms.

To address this problem, we introduce a human–machine
collaborative design tailored for Triton kernel tuning on SIMD
platforms. This design improves both development efficiency and
performance by capturing high-level SIMD optimization intent
from human users and integrating it seamlessly into machine
framework tuning. Based on this collaborative design, we develop
a tuning framework composed of a front-end for user intent
recognition and a back-end for user-guided, SIMD-aware tuning.
Experiments on x86 and RISC-V platforms show an average
performance improvement of 31.7% over native Triton tuning,
with tuning cost reduced by up to 75.0%.

Index Terms—SIMD, Kernel Optimization, Auto-Tuning, Tri-
ton, Human-Machine Collaborative Design.

I. INTRODUCTION

SIMD is critical for enhancing performance through parallel
data processing on CPUs. SIMD platforms are widely em-
ployed in high-performance computing domains such as image
processing and scientific computing, and are increasingly
leveraged for deep learning model inference[1][2].

Unlike traditional C++ kernel optimization approaches
[3][4], the modern AI ecosystem increasingly relies on Python-
based kernel frameworks to maintain tight integration with
PyTorch [5] and to significantly lower the barrier for ker-
nel development. This shift reflects the growing need for a
higher-level and more accessible programming interface while
preserving compatibility with existing AI toolchains. Among
these frameworks, Triton[6] has emerged as a representative,
allowing developers to write kernels in a Python-like language
while automatically tuning parameters to boost performance.
Compared to manual tuning illustrated in Figure 1a, such
automatic tuning avoids high development complexity[7][8].

However, Triton’s kernel performance remains insufficient
on SIMD platforms. As shown in Figure 1b, its tuning mech-
anisms primarily depend on framework capabilities, leaving

(a) Human-Only Tuning

(b) Machine-Only Tuning

(c) Human–Machine Collaborative Tuning

Fig. 1: Different design paradigms of kernel tuning. (a) Hu-
mans have full control over tuning. (b) The machine has full
control over tuning. (c) Humans provide high-level intent to
help the machine perform collaborative tuning.

limited room for effective human involvement. While Triton
provides comprehensive capabilities for NVIDIA GPUs, it
lacks sophisticated tuning support for SIMD CPUs, resulting
in suboptimal performance.

To address this limitation, we introduce a novel hu-
man–machine collaborative design for Triton kernel tuning
on SIMD platforms. As illustrated in Figure 1c, this design
balances ease of development with high performance. Our
framework consists of two coordinated components: a front-
end for user intent recognition and a back-end for user-guided
tuning. The front-end collects user hints and defines the tuning
task, while the back-end performs hint-driven analysis and
applies tuning algorithms to determine optimal configurations.



Fig. 2: Example Triton kernel implementation.

We evaluate our framework against human-only and
machine-only tuning on both x86 and RISC-V SIMD plat-
forms. Experimental results demonstrate an average perfor-
mance gain of 31.7% over the native Triton tuning approach
on the x86 AVX512 architecture, with a comparable gain
observed on the RISC-V Vector Extension. Notably, our
approach reduces tuning costs by up to 75.0% compared to
native Triton tuning[9] and by over 96.3% compared to TVM
Ansor tuning[10].

In summary, our main contributions are as follows:
• A front-end that interprets user intent and translates it

into actionable guidance for back-end tuning.
• A back-end that incorporates user hints, analyzes their

impact on the search space, and determines optimal
configurations through a hint-guided tuning algorithm,
with comprehensive integration and validation in Triton
on SIMD platforms.

• A novel human–machine collaborative framework inte-
grating the proposed front-end and back-end for Triton
kernel tuning on SIMD platforms.

II. BACKGROUND AND RELATED WORK

A. Triton Kernel Optimization and Its Scope

Triton is a user-friendly, Python-based kernel framework
designed to bridge the gap between high-level productivity and
low-level performance. An example Triton kernel is shown in
Figure 2. Its growing adoption is driven by two factors. First,
its integration with the PyTorch ecosystem ensures strong
back-end support and accessibility. Second, while originally
developed for NVIDIA GPUs, Triton has been extended to
a range of platforms, including AMD GPUs[11] and Ascend
NPUs[12]. Triton also has experimental support on x86[9],
ARM[13], and RISC-V platforms[14]. Despite this broad
portability, Triton’s performance on CPU SIMD platforms
remains suboptimal. This paper focuses on enhancing Triton
kernel optimization specifically for SIMD platforms, building
upon the experimental CPU support introduced in [9].

B. Tuning Paradigms on SIMD Platforms

Optimizing AI kernels for SIMD platforms is critical, given
their prevalence in edge devices, embedded systems, and other

resource-constrained environments. Existing approaches can
be categorized into three paradigms:

Human-only tuning. Representative efforts include
llama.cpp [15], which relies on hand-tuned assembly
and intrinsics, and established libraries such as OpenBLAS
[16], OpenCV [17], and Intel oneDNN [18], all of which
incorporate extensive platform-specific manual optimizations.

Machine-only tuning. Frameworks such as AutoTVM
[19][20] explore parameterized schedules using feature-driven
cost models, while Ansor [10] expands the search space
through sampling guided by learned performance predictors.
Tilelang [21] and Roller[22] provide high-level abstractions
that enable experts to expose fine-grained scheduling.

Human–machine collaborative tuning. Examples include
OpenMP [23], which allows programmers to provide high-
level hints, and Triton’s decorators such as @heuristic and
@tune [11]. However, these interfaces are not designed for
collaborative tuning on SIMD platforms. This work fills that
gap by introducing a framework that integrates user guidance
into automated Triton kernel tuning for SIMD platforms. In
the following method section, we show how this guidance
is formalized into explicit parameter constraints and then
validated experimentally.

III. SYSTEM OVERVIEW

Our human–machine collaborative kernel tuning framework
integrates high-level human intent with automated framework-
driven optimization. As shown in Figure 3a, the system is
composed of two components: a front-end for user intent
recognition and a back-end for user-guided tuning. Together,
these components enable the system to incorporate SIMD-
related expertise without requiring users to engage in low-level
performance engineering, while still leveraging automated
search for high-quality optimization results.

Figure 3b demonstrates the kernel tuning pipeline for an ex-
ample kernel. The user-guided tuning process begins with user
intent recognition, where optimization hints are captured via
a custom decorator ”@heuristic intent” and integrated with
the kernel implementation. These hints then inform the tuning
task definition, which establishes three key parameters for
optimization. During hint impact analysis, user hints dynam-
ically reshape the search space of these parameters. Finally,
configuration finalization leverages this refined search space to
automatically discover superior parameter configurations that
outperform machine-only tuning, demonstrating collaboration
between human insight and automated optimization.

IV. FRONT-END: USER INTENT RECOGNITION

The front-end bridges user intent to the tuning framework
through two modules: user hint collection and tuning task
definition. The former interprets and incorporates user intent
into the tuning process, while the latter formalizes the tuning
task by extracting key parameters for the back-end.



(a) Collaborative Tuning Framework Overview

(b) An Example of Tuning Framework Pipeline

Fig. 3: Human-Machine Collaborative Tuning Framework for Triton Kernel Optimization

A. User Hint Collection

We collect two types of user hints: workload-specific and
hardware-specific. Workload hints include kernel workload
size and the maximum number of threads, whereas hardware
hints cover features such as vector register width and reg-
ister count. Users are not required to specify exact numer-
ical values. As shown in Figure 3b, if the thread count is
omitted, it defaults to the maximum available. For hardware
hints, users only need to input the SIMD platform (e.g.,
hardware=’avx512’); our module automatically retrieves
the architectural parameters, which are fixed for common
SIMD platforms. These hints are represented as structured
variables (e.g., input size, thread count max, and register
properties), so that they can be directly consumed by the
equations and algorithms in the back-end.

B. Tuning Task Definition

We define the tuning task using three kinds of parameters:
vec size for vector configuration, thread count for work-
load division, and block size for tiling granularity. Figure 4
illustrates these parameters in practice. For vector addition
in Figure 4a, the 1D input is divided into segments of size
block size, with each segment assigned to an independent
thread. Within each thread, data is processed using vector
instructions of width vec size, thus requiring vector config-
uration. In other kernels, parameters at the same parallelism
level may involve multiple variables. Figure 4b demonstrates
matrix multiplication across dimensions M , N , and K. The
output is partitioned into 2D blocks (of size block size M

and block size N ) distributed among threads, while the K
dimension (with size block size K) is reduced. Higher-
dimensional cases can be represented similarly. This unified
parameterization enables the back-end to reason about user
intent in a kernel-agnostic yet formally analyzable way.

V. BACK-END: USER-GUIDED TUNING

The back-end implements the user-guided tuning through a
two-stage methodology: hint impact analysis and configuration
finalization. The outcome is an optimized kernel that reflects
a collaboration work of human intent and machine tuning.

A. Hint Impact Analysis

We analyze how user hints including workload-specific hints
and hardware-specific hints influence the tuning parameters
we previously defined in tuning task definition of the front-
end. We first consider how user hints affect vec size. The
most relevant user hint for vec size is vector resources. Let
reg width denote the bit width of a vector register, and
ele width the bit width of the data element type, the baseline
vector width supported by a single vector register is:

vec size basic =
reg width

ele width
(1)

In practice, vector operations can span multiple registers. If
several registers are grouped during a single instruction (e.g.,
via loop unrolling at the IR level), then vec size becomes
a multiple of vec size basic. Hence, vec size basic repre-
sents the minimum possible value for vec size.



(a) vecadd

(b) matmul

Fig. 4: Illustration of Tuning Parameters for Different Kernels

Next, we examine how user hints affect thread count.
Let block count denote the total number of blocks divided
from the input workload. In 1D blocking scenario shown
in Figure 4a, since the blocking technique divides the input
workload into blocks of size block size, the total number
of blocks is input size

block size . In 2D blocking scenario shown in
Figure 4b, we have:

block count =
input size N

block size N
× input size M

block size M
(2)

thread count ≤ min(block count, thread count max)
(3)

Noting that thread count is closely related to block size,
and the user hints influencing it primarily include workload-
specific hints such as input size and thread count max.

B. Configuration Finalization

Building on the previous analysis, we outline the tuning
algorithm for determining the configuration of tuning param-
eters. We use the 2D blocking case in Figure 4b as a running
example; the 1D case in Figure 4a is treated as a special
instance where non-vector block dimensions are fixed to 1.

Algorithm 1 Tuning algorithm for finalizing configuration
1: Input: User hints
2: Output: Final configuration of tuning parameters
3: Step 1: Initialization
4: Compute vec size basic
5: S ← ∅
6: Step 2: Calculate block size range
7: Bn ← {bn ∈ N+ | bn = p · vec size basic, p ∈ N+, bn ≤

input size N}
8: Bm ← {bm = 2q | q ∈ N, 1 ≤ bm ≤ input size M}
9: Bk ← {bk = 2r | r ∈ N, 1 ≤ bk ≤ input size K}

10: B← Bm ×Bn ×Bk

11: Step 3: Calculate vec size and thread count ranges
12: for each block size ∈ B do
13: Compute block count
14: V ← {v ∈ N+ | v = k · vec size basic, k ∈ N+, v ≤

block size N}
15: thread count up← min(thread count max, block count)
16: T ← {t ∈ N+ | 1 ≤ t ≤ thread count up}
17: S ← S ∪ {⟨block size, V, T ⟩}
18: end for
19: Step 4: Finalize tuning parameter configuration
20: sbest ← argmax

s∈S
Performance(s)

21: return sbest

We first determine the tuning order so that earlier decisions
can constrain later ones. We argue that block size should be
tuned first, followed by vec size and thread count. This
is because blocking is the key connector between SIMD
execution and multi-threading: once the block size is fixed,
the choices of vec size and thread count jointly determine
vector utilization and workload partitioning.

Next, we define the search ranges. The vectorized di-
mension of block size (e.g., block size N ) is restricted to
vec size basic or its multiples to ensure SIMD alignment,
while other block dimensions grow in powers of two within
the limits of input size to improve memory locality. With the
block size range established, the feasible range of vec size is
determined—bounded below by vec size basic and above by
the vectorized block dimension. The range of thread count
then follows from Equation (3). Algorithm 1 summarizes the
full procedure.

VI. EXPERIMENTAL RESULTS

Our experiments consist of three parts. First, we compare
the performance of our collaborative tuning approach with
native Triton tuning. Second, we evaluate it against other
machine-only methods in terms of both performance and tun-
ing overhead, as well as against human-only methods in terms
of performance. Finally, we analyze how thread count shapes
the selection of optimal tuning parameters and show that our
collaborative tuning uncovers new, thread-aware search spaces
that native Triton tuning fails to explore.

A. Experimental Setup

We evaluate six representative AI kernels—matmul, soft-
max, conv2d, layernorm, dropout, and rope—covering a
broad range of computation patterns. Specifically, matmul
and conv2d are computation-intensive kernels, layernorm is
a memory-bound kernel, dropout involves stochastic masking,



(a) Performance comparison on x86 platform.

(b) Performance comparison on RISC-V platform.

Fig. 5: Performance speedup of our approach compared with native Triton tuning, normalized to Clang’s execution time.

(a) matmul (b) softmax (c) conv2d

Fig. 6: Performance speedup and tuning time cost with different tuning approaches. The speedup is normalized to Torch’s
execution time. Since TVM, Hidet, and Torch use manual implementations or operator libraries, they do not require tuning.

softmax represents a fused kernel, and rope is a positional
encoding technique widely used in Transformer models. These
carefully selected kernels cover a range of representative
workloads in AI acceleration.

We evaluate our approach and other tuning methods on
two multi-core processors, whose specifications are listed in
Table I. Each kernel undergoes 25 warm-up runs, followed by
100 executions to compute the average runtime.

TABLE I: Hardware Information

Machine Platform SIMD Extension Available Threads

Xeon(R) Gold x86 AVX-512 12
SpacemiT K1 RISC-V Vector 8

B. Comparison with native Triton tuning

We compare our auto-tuning method against Clang’s auto-
vectorization and native Triton grid search. The x-axis denotes
the evaluated kernels and shapes, and the y-axis reports the

speedup over Clang. Experiments are conducted on x86 and
RISC-V SIMD platforms.

As shown in Figure 5, our method delivers substantial
gains on x86, achieving an average improvement of 31.7%
and up to 97.8% for dropout. RISC-V results also show
superior performance. However, for the x86 rope and RISC-V
dropout benchmarks, our performance matches Triton’s, likely
because Triton’s default settings are already near-optimal and
insensitive to input variations. Overall, our method consistently
outperforms native Triton tuning across both architectures.

C. Comparison with Other Tuning Approaches

We further compare our tuning framework with machine-
only methods (Triton, Ansor, AutoTVM) and Python-based
human-only methods (TVM, Hidet). The y-axis reports
speedup over PyTorch.

As shown in Figure 6, our method surpasses Triton across
all machine-only baselines, achieving up to 15.4% higher
performance on softmax and rivaling Ansor on matmul and
conv2d. Moreover, it reduces tuning cost by up to 96.3%



TABLE II: Comparison of tuning parameters with different thread-setting methods.

Benchmark Shape Tuning Parameters Native Speedup Our Speedup Perf. Gain
T1 best T4 best T8 best Native Ours

matmul (64,64,64) (32,32,32) (8,4,8) (16,4,4) (32,32,32) (4,32,4) 1.42 1.43 1.13%
matmul (128,128,128) (32,16,4) (16,32,8) (16,4,32) (32,16,4) (32,8,32) 2.43 3.10 27.19%
softmax (128,64) (64,128) (1024,64) (64,128) (64,128) (64,8) 1.30 1.80 37.80%
softmax (128,256) (64,8) (64,8) (4096,16) (64,8) (64,8) 1.00 1.90 90.86%
conv2d (4,4,32,32) (2,32) (2,32) (4,4) (2,32) (1,16) 1.30 1.42 8.58%
conv2d (4,4,64,64) (4,8) (1,4) (1,16) (4,8) (4,8) 2.19 2.19 -

layernorm (256,256) (256,32) (256,64) (256,8) (256,32) (256,4) 1.31 1.57 19.93%
layernorm (1024,1024) (1024,16) (1024,16) (1024,4) (1024,16) (1024,8) 2.48 4.42 77.87%
dropout 1024 (1024,16) (4096,16) (1024,64) (1024,16) (1024,64) 11.97 14.97 25.08%
dropout 2048 (4096,64) (4096,64) (4096,32) (4096,64) (4096,64) 10.22 10.22 -

rope (256,1,4,256) (256,32) (256,64) (256,256) (256,32) (256,8) 1.10 2.87 159.82%
rope (256,4,4,64) (256,64) (256,32) (256,32) (256,64) (256,32) 1.31 3.07 133.15%

compared with Ansor and up to 75.0% compared with Tri-
ton, except for softmax where the reduction is 38.4% due
to Triton’s smaller search space and initialization overhead.
Thus, our approach achieves competitive performance with
substantially lower tuning cost.

Against human-only methods, our approach consistently
outperforms manually tuned implementations, particularly on
matmul and softmax where it yields order-of-magnitude im-
provements. This is likely because manual tuning strategies
are often GPU-oriented and do not align well with CPU
constraints such as limited cache and vector registers.

D. Interactions Between Thread Count and Tuning Parameters

Our results show that optimal tuning parameters vary signif-
icantly with thread count. As illustrated in Table II, different
thread configurations (T1, T4, T8) lead to distinct parameter
choices that maximize performance. All reported values are
normalized to Clang, and ”Perf. Gain” measures improvements
over Triton’s defaults. As thread count increases, the per-
thread workload shrinks, shifting the preferred blocking, vec-
torization, and other tuning decisions. Because Triton reuses
parameters tuned for single-thread execution, it fails to capture
these shifts, whereas our method re-selects parameters for each
thread setting and achieves up to 159.82% improvement.

VII. CONCLUSION AND FUTURE WORK

To overcome Triton’s limited SIMD support and subop-
timal performance on SIMD platforms, we propose a hu-
man–machine collaborative framework for kernel tuning. By
integrating a front-end that captures SIMD optimization intent
with a back-end that leverages this intent for hint-guided
tuning, our approach narrows the performance gap, enables
thread-aware exploration beyond native Triton tuning’s capa-
bilities, and simultaneously reduces tuning cost.

Looking ahead, we will extend our evaluation to more
sophisticated attention kernels and end-to-end deep learning
models, and we will continue improving both user-intent
recognition and tuning algorithms. Moreover, these strategies
can further benefit from incorporating LLM-based knowledge
suggestions to strengthen collaborative kernel optimization.
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