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ABSTRACT

The increasing demand for efficient AI inference on edge devices

has intensified the need for high-performance and portable pro-

gramming models. Triton, a tile-based language designed for GPUs,

lowers the threshold of writing efficient custom AI kernels. This

paper addresses the performance portability of translating Triton

kernels to edge devices such as RISC-V CPUs equipped with Vector

Extension (RVV). We identify that a direct port of Triton kernels

with GPU-tuned parameters, BLOCK_SIZE, results in significant per-

formance degradation on RVV due to fundamental architectural

differences. Through a detailed empirical evaluation on several

benchmarks, we identify the performance impact of tiling parame-

ters on vector register spilling and cache performance. Our analysis

reveals a critical trade-off: some BLOCK_SIZE values improve cache

and prefetching performance but increase vector register pressures

and cause intense vector register spilling. Based on these insights,

we develop some heuristics for selecting an adaptive block size to

balance the performance trade-off between cache performance and

vector register spilling, mapping Triton kernels more efficiently

onto RVV-based systems. This enhances the performance porta-

bility of Triton kernels for heterogeneous computing in edge AI

inference.

CCS CONCEPTS

• Computer systems organization → Single instruction, mul-

tiple data;Heterogeneous (hybrid) systems; • Software and its

engineering → Retargetable compilers; Dynamic compilers;

Runtime environments.
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1 INTRODUCTION

In the contemporary high-performance computing (HPC) land-

scape, the demand for efficient Artificial Intelligence (AI) inference

is escalating across a wide range of devices, from centralized cloud

servers to edge and personal computing platforms [1, 2, 5]. While AI

inference on heterogeneous system is becoming an important direc-

tion, Artificial Intelligence Personal Computer (AIPC) has also been

increasingly attractive since AIPC often equipped with powerful

SIMD/Vector computing capability. The reduced latency, improved

data privacy and security make AIPC ideal for edge inference. Some

work like T-MAC [9] and CoDL [4], have demonstrated the feasi-

bility of deploying AI inference on AIPC.

To meet the demanding computing requirements of inference on

CPUs, the ability to Single instruction with Multiple data (SIMD) is

indispensable. While the well-known SIMD ISAs are X86 SSE/AVX

and ARM Neon, RISC-V with Vector Extension (RVV) [6] is viewed

as another young but powerful alternative. RVV is more scalable

and flexible compared to other older alternatives. RVV has some

unique features. One key feature is the use of the vector length

register, vl, to specify the number of elements to be processed

instead of bundling with the SIMD instruction. This enables per-

formance portability when moving an application binary across

various vector implementations. LMUL, the vector register group-

ing mechanism, is another key feature used to view multiple short

vector registers as a longer one to improve vector execution effi-

ciency. In general, RVV is open, modular, and extensible, and these

features make it a good candidate for conducting edge inference.

Machine Learning (ML) workloads (including training and in-

ference) have a high demand for memory bandwidth. This is why



RACS ’25, November 16–19, 2025, Ho Chi Minh, Vietnam Yuhao LIU. et al.

high-end NVIDIA Hopper architecture includes High Bandwidth

Memory (HBM). Even with HBM, MLworkloads still require sophis-

ticated data management to make efficient use of shared memory

and the L1/L2 data cache hierarchy in NVIDIA chips. Such complex

data management is challenging, and is often conducted by CUDA

programmers. For years, the community has tried to come up with

some tile-based programming languages so that computation can

be represented in blocks and sub-blocks. Once the algorithm is

presented by blocks, the compiler can try to allocate such blocks in

shared memory to alleviate the burden of programmers to manage

the complex data movement. One of the most popular tile-based

languages is Triton [7]. Triton is an open-source, Python-based

language supported by OpenAI, designed to abstract GPU pro-

gramming, which simplifies the creation of highly efficient custom

kernels, and it has demonstrated performance comparable to that of

carefully tuned CUDA code. However, Triton’s application to CPU

architectures is not yet fully explored. Given the wide adoption

of heterogeneous computing for ML workloads, a custom kernel

function should be able to be deployed on either GPU or CPU. If

Triton becomes the choice of language for writing custom kernels

on GPU, we would expect translating them efficiently to CPUwould

contribute significantly to future AI computing, especially on AIPC

edge devices.

While Triton excels on GPUs, Triton’s model of tiling, vectoriz-

ing, and cache optimization has strong analogies to the CPU side,

especially when CPUs support wide SIMD/Vector instructions (Ta-

ble 1). The vector or SIMD registers enable parallel operations on

multiple data elements, much like registers used across multiple

threads in a GPU warp. The scratchpad memory, or local memory

on the CPU, mirrors the shared memory of GPU architecture due

to its high bandwidth, fast access, and programmable features. For

the cache hierarchy, both GPU and CPU architectures use a private

L1 cache for each core (CPU) or Streaming Multiprocessor (SM)

(GPU), and a larger L2 cache shared by a cluster of CPU cores or

across all SMs, respectively. This analogy makes translating Triton

to the CPU a promising prospect.

As RVV becomes increasingly popular for edge computing, port-

ing a high-level tile-based programming model like Triton to RVV

will attract more attention. The main challenge of translating Triton

to CPU lies in performance portability. The parameter BLOCK_SIZE
is often chosen for GPU, which may work poorly on CPUs such

as RVV. A simple method to select the best parameters for either

GPU or CPU is auto-tuning. However, it would take a considerable

amount of time (up to multiple days) to find the appropriate con-

figuration over a wide range [3, 10]. In this work, we evaluate the

single-core performance of an experimental Triton CPU backend

on RVV, using a selection of AI inference and general computing

benchmarks. To accelerate auto-tuning to find the appropriate con-

figuration using some heuristics from experiments, we analyze

the results to understand the impact of Triton’s tiling on the RVV

architecture. Because not every RVV processor is equipped with

scratchpad memory, we have not included the use of scratchpad

memory in our performance evaluation.

The remainder of this paper is organized as follows. Section 2 de-

scribes the motivation for this work. Section 3 presents the primary

methodology. Section 4 details the experimental environments and

Table 1: Analogy between CPUs and GPUs

Conceptions GPUs CPUs

Execution Unit Warp Vector instructions

Registers Warp registers Vector registers

Local Memory Shared memory Scratchpad memory

Cache L1/L2 cache L1/L2 cache

results, then provides a corresponding analysis. Finally, Section 5

summarizes our findings and discusses future work.

2 MOTIVATION

1 def matmul_kerne l ( a_p t r , b_ptr , c_p t r ,

2 M, N , K ,

3 s t r i de_am , s t r i d e _ a k ,

4 s t r i d e _ bk , s t r i d e _ bn ,

5 s t r i de_cm , s t r i d e _ c n ,

6 BLOCK_SIZE_M : t l . c ons t expr ,

7 BLOCK_SIZE_N : t l . c ons t expr ,

8 BLOCK_SIZE_K : t l . c ons t expr ,

9 ) :

10 p id = t l . program_id ( a x i s =0 )

11 num_pid_n = t l . cdiv (N , BLOCK_SIZE_N )

12 pid_m = p id / / num_pid_n

13 pid_n = p id % num_pid_n

14 b l o c k _o f f s e t _m = pid_m ∗ BLOCK_SIZE_M

15 b l o c k _ o f f s e t _ n = pid_n ∗ BLOCK_SIZE_N

16 a _ t i l e _ p t r = t l . make_block_ptr (

17 base= a_pt r , shape =(M, K ) ,

18 s t r i d e s = ( s t r i de_am , s t r i d e _ a k ) ,

19 o f f s e t s = ( b l o ck_o f f s e t _m , 0 ) ,

20 b l o ck_shape =(BLOCK_SIZE_M , BLOCK_SIZE_K ) , o rde r = ( 1 , 0 ) )

21 b _ t i l e _ p t r = t l . make_block_ptr (

22 base=b_ptr , shape =(K , N) ,

23 s t r i d e s = ( s t r i d e _ bk , s t r i d e _ b n ) ,

24 o f f s e t s = ( 0 , b l o c k _ o f f s e t _ n ) ,

25 b l o ck_shape =( BLOCK_SIZE_K , BLOCK_SIZE_N ) , o rde r = ( 1 , 0 ) )

26 accumula to r = t l . z e r o s ( ( BLOCK_SIZE_M , BLOCK_SIZE_N ) , d type= t l . f l o a t 3 2 )

27 for k in range ( 0 , t l . cdiv (K , BLOCK_SIZE_K ) ) :

28 a = t l . load ( a _ t i l e _ p t r )

29 b = t l . load ( b _ t i l e _ p t r )

30

31 accumula to r = t l . do t ( a , b , accumula tor , ou t_d type= t l . f l o a t 3 2 )

32 a _ t i l e _ p t r = t l . advance ( a _ t i l e _ p t r , [ 0 , BLOCK_SIZE_K ] )

33 b _ t i l e _ p t r = t l . advance ( b _ t i l e _ p t r , [ BLOCK_SIZE_K , 0 ] )

34 c = accumula to r

35 c _ t i l e _ p t r = t l . make_block_ptr (

36 base= c_p t r , shape =(M, N) ,

37 s t r i d e s = ( s t r i de_cm , s t r i d e _ c n ) ,

38 o f f s e t s = ( b l o ck_o f f s e t _m , b l o c k _ o f f s e t _ n ) ,

39 b l o ck_ shape =(BLOCK_SIZE_M , BLOCK_SIZE_N ) , o rde r = ( 1 , 0 ) )

40 t l . s tore ( c _ t i l e _ p t r , c )

Listing 1: A simple matmul example written with Triton

This research is rooted in an analogy between Triton’s estab-

lished operational model on GPUs and its application to RVV in

single core, shown in Table 1. Triton’s effectiveness stems from its

tiling capabilities, which partition large computational problems

into smaller, manageable blocks. This strategy is fundamental to

optimizing data locality and exposing parallelism. On a GPU, Triton

maps a grid of program instances to thread blocks, and each thread

processes a tile of data in warp registers. A similar concept is shown

in a vector-enabled single core: the data parallelism execution by

GPU warps is analogous to the data processing achieved by RVV’s

wide vector registers performing SIMD operations. The strategic

use of GPU shared memory to keep data close to the compute units

is similar to the goal of keeping data tiles close to cores within the

scratchpad memory to minimize latency.

This architectural parallel suggests that Triton’s high-level ab-

stractions for data movement and parallel execution could make
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Figure 1: Performance comparison between different

BLOCK_SIZEs

it an ideal programming model for heterogeneous systems that in-

clude vector-capable CPUs. However, directly porting GPU-tuned

Triton code to CPUs causes performance issues due to architectural

differences. GPUs, with their massive parallelism and large register

files, benefit from large BLOCK_SIZEs. In contrast, CPUs have far

fewer registers. Using a large BLOCK_SIZE on a CPU leads to per-

formance degradation from register spilling and inefficient cache

use.

Figure 1 shows the significant performance difference of kernel

matmul between different block configurations on RVV (VLEN =

256 bits), and the listing 1 is the corresponding Triton source code.

The large BLOCK_SIZE would lead to heavy vector register spilling

because the length of the total element exceeds the capacity of

vector registers.

Given this critical difference in architectural resources, adapting

Triton for efficient CPU execution within a heterogeneous com-

puting context requires a foundational understanding of how its

parameter configurations behave on this new target. Therefore,

this paper presents an empirical investigation into the performance

impact of varying BLOCK_SIZE on RVV. Based on it, we can analyze

the relationship between tile dimensions, cache utilization, and vec-

tor processing efficiency. And these experiences and heuristics can

accelerate auto-tuning to find the appropriate parameters quickly.

3 METHODOLOGY

As there is no official version of the Triton CPU for the RISC-V

backend, we build the Triton CPU on X86 (host) and use cross-

compilation to obtain almost equivalent ELF files for RISC-V (re-

mote) with RVV. To have a complete observation of the impact of

BLOCK_SIZE, we tune each BLOCK_SIZE parameter in a wide range.

Due to the limitation of cross-compilation, we modified the original

auto-tuner of Triton to produce the corresponding LLVM IR for

each kernel function block configuration. Each IR is then used for

cross-compilation to RISC-V. The whole procedure includes the

following steps:

Table 2: Kernel Specifications

Kernel Name Dimension and Type

Matrix Multiplication 𝑀 = 1024, 𝐾 = 1024, 𝑁 = 1024

Data type: float32

Attention batch_size = 4, context_length = 1024

#attention_head = 32

Head dimension = 64

Data type: float32

Jacobi-2D 𝑀 = 1026, 𝑁 = 1026

Data type: float32

(1) Set the range for each BLOCK_SIZE, then run auto-tuner on

host to get necessary IR files;

(2) Cross-compile each IR and launcher code written with C++,

whichwould call kernels, and link them together to get a final

ELF with RVV or other Extension (e.g. zicbop for prefetch)

to support the same operations as the host fully;

(3) Run all ELFs with perf on remote to collect highly related

performance metrics. And each kernel would be run 5 times.

4 EXPERIMENT

This section outlines the experimental benchmarks and the overall

environment (i.e. software configurations and hardware specifica-

tions), which is used to evaluate the kernel performance, as well

as performance illustration on benchmarks, along with the corre-

sponding analysis.

4.1 Benchmarks

We selected several currently popular AI inference kernels[8] as our

benchmark measurements. The arguments, as well as other basic

information for each kernel, are shown in Table 2. Additionally,

we incorporate Jacobi-2D to enhance the test set, and its input

is wrapped with a halo of zeros. All kernels are public1 and are

completed with the Triton CPU compiler.

4.2 Experiment Environment

Clang 20.1.0 and LLVM 20.1.0 are used as the compilation infrastruc-

ture targeting x86_64-unknown-linux-gnu and riscv64-unknown-

linux-gnu. Detailed information is shown in Table 3.

To support the necessary operations in Attention, the mathemat-

ical library SLEEF was built from source with native and RISC-V

64-bit architecture support, ensuring comprehensive compatibility

across different target platforms.

The remote RISC-V platform information is shown in Table 4.

In this RISC-V machine, each L1 cache is private, while four cores

share the same L2 cache.

4.3 Experiment Results

We commence the performance illustration by exploring the defined

tiling parameter searching space for each selected kernel, then

1Repository: https://github.com/liuyh-beep/Triton_RVV/tree/main/benchmark/src/triton
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Table 3: Experiment Environment

Parameters Value

Compiler Clang 20.1.0

Operating System Ubuntu 22.04.5 LTS (X86)

Ubuntu 24.04.2 LTS (RISC-V)

Triton version 3.3.0

Compile options - -target=riscv64-unknown-linux-gnu

- -sysroot={RVV_GNU_DIR}/sysroot

- -gcc-toolchain={RVV_GNU_DIR}

-O2 -fPIC -fuse-ld=lld

-fveclib=SLEEF

-lm -L {SLEEF_RVV}/lib

-march=rv64gcv_zvl256b_zicbop

-mllvm -force-tail-folding-style=

data-with-evl

-mllvm -prefer-predicate-over-

epilogue=predicate-dont-vectorize

-mabi=lp64d

Table 4: RISC-V CPU information

Item Info

CPU Model Spacemit(R) X60

CPU max GHz: 1.6

VLEN 256 bits

Cache Line Size 64 B

L1 D/I Cache 32 KiB per instance

direct-mapping

L2 Cache 512 KiB per instance

16-way associative

present a comprehensive performance analysis with highly related

metrics.

4.3.1 Matrix Multiplication (matmul). In matmul, the configuration
of each BLOCK_SIZE follows:

(1) BLOCK_SIZE_M ∈ [4, 8, 16, 32, 64];
(2) BLOCK_SIZE_N ∈ [8, 16, 32, 64];
(3) BLOCK_SIZE_K ∈ [8, 16, 32, 64].

matmul is performed using Triton’s built-in operation tl.dot,
which is an operation of Triton’s dialect and optimized according

to host CPU features. Under our host environment, this operation

would be fed to triton-cpu-convert-dot-to-fma, and this pass

would convert tl.dot with the algorithm 1.

Figure 2 shows the correlation between execution time and the

number of vector memory instructions, as well as cache miss count.

In each subfigure, the bars are clustered by BLOCK_SIZE speci-

fied with the x-axis label, and within each bar cluster, another

BLOCK_SIZE parameter is increasing. In Figure 2a, the data is sorted

in ascending order of L2 miss count. Obviously, the performance

Algorithm 1: triton-cpu-convert-dot-to-fma pass

Data: 𝑙ℎ𝑠𝐵𝑢𝑓 is a block of input matrix A, with size of

BLOCK_SIZE_M × BLOCK_SIZE_K, while 𝑟ℎ𝑠𝐵𝑢𝑓 is a

block of input matrix B, with size of

BLOCK_SIZE_K × BLOCK_SIZE_N. 𝐼𝑠𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒𝑑 is

true if matrix A needs to be transposed.

Result: 𝑎𝑐𝑐𝑉𝑒𝑐𝑠 would store the result of dot operation.

1 𝑛𝑒𝑥𝑡𝑅ℎ𝑠𝑉𝑒𝑐 ← loadRow(𝑟ℎ𝑠𝐵𝑢𝑓 , 0);

2 for 𝑘 = 0 to BLOCK_SIZE_K − 1 do

3 𝑟ℎ𝑠𝑉𝑒𝑐 ← 𝑛𝑒𝑥𝑡𝑅ℎ𝑠𝑉𝑒𝑐;

4 if 𝑘 ≠ BLOCK_SIZE_K − 1 then

5 𝑛𝑒𝑥𝑡𝑅ℎ𝑠𝑉𝑒𝑐 ← loadRow(𝑟ℎ𝑠𝐵𝑢𝑓 , 𝑘 + 1);

6 end

7 prefetch the (k + BLOCK_SIZE_K)-th row of 𝑟ℎ𝑠𝐵𝑢𝑓 ;

8 𝑛𝑒𝑥𝑡𝐿ℎ𝑠𝐵𝑟𝑜𝑎𝑑𝑐𝑎𝑠𝑡𝑒𝑑 ← broadcastElem(𝑙ℎ𝑠𝐵𝑢𝑓 [0] [𝑘]);

9 for𝑚 = 0 to BLOCK_SIZE_M − 1 do

10 𝑙ℎ𝑠𝐵𝑟𝑜𝑎𝑑𝑐𝑎𝑠𝑡𝑒𝑑 ← 𝑛𝑒𝑥𝑡𝐿ℎ𝑠𝐵𝑟𝑜𝑎𝑑𝑐𝑎𝑠𝑡𝑒𝑑 ;

11 if 𝑚 ≠ BLOCK_SIZE_M − 1 then

12 𝑛𝑒𝑥𝑡𝐿ℎ𝑠𝐵𝑟𝑜𝑎𝑑𝑐𝑎𝑠𝑡𝑒𝑑 ←

broadcastElem(𝑙ℎ𝑠𝐵𝑢𝑓 [𝑚 + 1] [𝑘]);

13 end

14 if (𝐼𝑠𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒𝑑 ∧𝑚 mod 8 =
0) ∨ (¬𝐼𝑠𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒𝑑 ∧ 𝑘 mod 8 = 0) then

15 prefetch(𝑙ℎ𝑠𝐵𝑢𝑓 [𝑚] [𝑘 + BLOCK_SIZE_K]);

16 end

17 𝑎𝑐𝑐𝑉𝑒𝑐𝑠 [𝑚] ←

FMA(𝑟ℎ𝑠𝑉𝑒𝑐, 𝑙ℎ𝑠𝐵𝑟𝑜𝑎𝑑𝑐𝑎𝑠𝑡𝑒𝑑, 𝑎𝑐𝑐𝑉𝑒𝑐𝑠 [𝑚]);

18 end

19 end

is dominated by L1 and L2 cache efficiency. To make the rules

more straightforward, Figure 2b and Figure 2c respectively illus-

trate the changes in vector load and store instruction counts and

L1/L2 cache misses over different BLOCK_SIZE. There is an apparent
negative correlation between cache miss and BLOCK_SIZE_N, while
the relationship between vector register spill and BLOCK_SIZE_M
or BLOCK_SIZE_N is complicated.

To quantify the impact of BLOCK_SIZE on vector load and store

instruction counts and cache usage, we attempt to derive some equa-

tions to approximate it. From the process of triton-cpu-convert-
dot-to-fma, we can find that, ideally, within accessing a column

of lhsBuf, the vector registers would be occupied by two rows of

𝑟ℎ𝑠𝐵𝑢𝑓 plus all rows in 𝑎𝑐𝑐𝑉𝑒𝑐𝑠 . However, the actual number of

active vector registers may be larger than this because the code

scheduling shown in different configurations is not always identical,

which could cause extra register spills. Therefore, we built the fol-

lowing formulas to present the number of vector store instructions

generated from spilling:

𝑆𝑃𝐼𝐿𝐿𝑐𝑜𝑙 = BLOCK_SIZE_M −
32 ·𝑉𝐿𝐸𝑁

BLOCK_SIZE_N · 𝑆𝐸𝑊
+ 𝜇 (1)

𝑃𝐵 =
𝑀 · 𝑁

BLOCK_SIZE_M · BLOCK_SIZE_N
(2)
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Figure 2: Correlation between kernel execution time and related metrics (matmul)
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𝑆𝑃𝐼𝐿𝐿 = 𝑆𝑃𝐼𝐿𝐿𝑐𝑜𝑙 · 𝐾 · 𝑃𝐵 (3)

where 𝑆𝑃𝐼𝐿𝐿𝑐𝑜𝑙 is the count of vector spilling instructions incurred
during accessing a column of lhsBuf, and 𝑃𝐵 is the total number of

program blocks,𝑉𝐿𝐸𝑁 is the bit length of a single RISC-V physical

vector register, and 𝑆𝐸𝑊 represents the width of the currently

selected element within the vector register. Then 𝑆𝑃𝐼𝐿𝐿 presents the

total counts of vector spill instructions during the whole runtime,

while 𝜇 ∈ [3, 5] is an artifact term to represent the extra vector

pressure, and its range is derived from heuristics. We may conclude

that, when 𝑆𝑃𝐼𝐿𝐿𝑐𝑜𝑙 is larger than 0, there would be extra vector

register spilling.

For vector reload, the instruction count can be expressed using

similar equations because the number of reloads and spills is similar.

However, if we want to present the total counts of vector load

instructions, additional vector load instructions would be involved,

as they are used to load input data into rhsBuf. We have

𝑉𝐿𝑑𝑟ℎ𝑠𝐵𝑢𝑓 = 𝐾 · PB (4)

𝑉𝐿𝑑 = 𝑉𝐿𝑑𝑟ℎ𝑠𝐵𝑢𝑓 + 𝑆𝑃𝐼𝐿𝐿 (5)

where 𝑉𝐿𝑑𝑟ℎ𝑠𝐵𝑢𝑓 is the count of necessary vector loads that oc-

curred during the whole runtime, and 𝑉𝐿𝑑 is the total number of

vector load instructions, including reload instructions. Obviously,

the BLOCK_SIZE_Mwould decide the number of active vectors, while

LMUL is controlled by BLOCK_SIZE_N, which in turn changes vl.

On the other hand, we use the following model to estimate cache

miss count:

𝑀𝐼𝑆𝑆𝑟ℎ𝑠𝐵𝑢𝑓 = 𝐾 (6)

𝑀𝐼𝑆𝑆𝑙ℎ𝑠𝐵𝑢𝑓 = BLOCK_SIZE_M ·
𝐾

𝐸𝐿𝐸𝐶𝐿
· 𝑓 (BLOCK_SIZE_M) (7)

𝑀𝐼𝑆𝑆 = (𝑀𝐼𝑆𝑆𝑙ℎ𝑠𝐵𝑢𝑓 +𝑀𝐼𝑆𝑆𝑟ℎ𝑠𝐵𝑢𝑓 ) · 𝑃𝐵 (8)

where 𝐾
𝐸𝐿𝐸𝐶𝐿

shows the number of cache lines occupied by a sin-

gle row of the matrix. And 𝑓 (BLOCK_SIZE_M) is a function about

BLOCK_SIZE_M, which is derived from possible cache conflict miss

when accessing across many rows, as it is easy to incur conflict miss

given our L1 cache is directly mapped. 𝑀𝐼𝑆𝑆𝑟ℎ𝑠𝐵𝑢𝑓 represents the

cache miss that happened in accessing all rows of rhsBuf within a

program block. Although a larger BLOCK_SIZE_N would lead to ac-

cessing across cache lines, a longer vector means more contiguous

data, and the hardware prefetcher would automatically detect the

refill signal to prefetch the data for subsequent use.

Collectively, larger BLOCK_SIZE_N is beneficial for cache perfor-

mance, while it also would increase vector register spilling due

to longer vectors. And a smaller BLOCK_SIZE_M is better to avoid

possible conflict misses. Our model demonstrates a reasonably good

fit to the experimental data. The final performance is the compre-

hensive consideration of vector load instruction counts and cache

misses.

4.3.2 Attention. For Attention, we use the same BLOCK_SIZE con-

figurations as matmul.
According to the formulas of standard attention[8], we write

three kernels, two matrix multiplication plus a softmax, then com-

bine them to perform the complete function. The reason for using

two different matmuls is that we can use different symbols in perf

for sample analysis. Another difference from a single matmul is

that we use BLOCK_SIZE_N and BLOCK_SIZE_K to control the vec-

tor length respectively. For softmax, the BLOCK_SIZE is the same

as the context length for all configurations.

Figure 3 presents the key performance metrics. The primary

source of overhead is identified as the two sequential matrix multi-

plications. The optimal configuration is found to be BLOCK_SIZE_M
= 8, BLOCK_SIZE_K = 16, and BLOCK_SIZE_N = 16. We hypothesize

that this configuration strikes a balance that mitigates the ineffi-

ciencies of hardware prefetching and minimizes the count of vector

load instructions. The reason is, shown as Figure 3b and Figure 3a,

this best performing configuration exhibits only a 50%–60% differ-

ence in cache performance compared to the configuration with the

lowest cache miss counts (e.g. BLOCK_SIZE_M = 8, BLOCK_SIZE_K =
64, BLOCK_SIZE_N = 64) and an approximately 60% degradation in

vector load instruction count. Compared to optimal configurations

in a single matmul kernel, the chosen configuration shows a 12×

and 3× difference in L1 and L2 cache performance, respectively. At

the same time, the degradation in vector load instruction counts is

significantly smaller (40%–50%).

As discussed in Section 4.3.1, the final performance is co-determined

by vector register spilling and cache performance. While larger

BLOCK_SIZE parameters are generally advantageous for hardware

cache prefetching, our results suggest that when these dimensions

approach the size of the original matrix, the prefetcher may prema-

turely move substantial useless data. This inefficiency can negate

the potential benefits of cache prefetching.

4.3.3 Jacobi-2D. The BLOCK_SIZE configuration list of Jacobi-2D

is shown as:

(1) BLOCK_SIZE_M ∈ [4, 8, 16, 32, 64];
(2) BLOCK_SIZE_N ∈ [4, 8, 16, 32, 64].

Algorithm 2: Jacobi-2D Triton Method

Data: The pointer to original input matrix 𝐴 of size 𝑀 × 𝑁 .

Result: A updated block of result matrix 𝐵.
1 BLOCK_SIZE = [BLOCK_SIZE_M, BLOCK_SIZE_N];

2 offset𝑢𝑝 = [0, 1];

3 𝐴𝑢𝑝 ← tl.make_block_ptr(𝐴, BLOCK_SIZE, offset𝑢𝑝 )

4 𝐴𝑚𝑖𝑑 ← tl.advance(𝐴𝑢𝑝 , [1, 0]);

5 𝐴𝑑𝑜𝑤𝑛 ← tl.advance(𝐴𝑚𝑖𝑑 , [1, 0]);

6 𝐴𝑙𝑒 𝑓 𝑡 ← tl.advance(𝐴𝑚𝑖𝑑 , [0,−1]);

7 𝐴𝑟𝑖𝑔ℎ𝑡 ← tl.advance(𝐴𝑚𝑖𝑑 , [0, 1]);

8 𝐵 ← 0.2 × (𝐴𝑢𝑝 +𝐴𝑚𝑖𝑑 +𝐴𝑑𝑜𝑤𝑛 +𝐴𝑙𝑒 𝑓 𝑡 +𝐴𝑟𝑖𝑔ℎ𝑡 );

We implement the Jacobi-2D kernel using Algorithm 2 at the

block level. The total number of program blocks follows Equa-

tion (2). Since the input data is zero-padded, offset𝑢𝑝 defines the

pointer offsets along row and column dimensions. Positive offsets

prevent redundant loading of data that overlap between adjacent

blocks. Currently, Triton CPU lacks native element-shift operations,

requiring extra loads for left/right shifts.

Figure 4 shows that cache misses dominate performance. Sim-

ilar to matmul, larger BLOCK_SIZE_N and smaller BLOCK_SIZE_M
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Figure 3: Correlation between kernel execution time and related metrics (Attention)

improve cache efficiency by leveraging longer vectors, which re-

duce the number of program blocks and better utilize hardware

prefetching. However, longer vectors also increase register spilling

and may raise L1 conflict misses.

5 CONCLUSIONS

This work investigated the issue of performance portability of Tri-

ton, an efficient GPU-centric tile-based programming model. The

tile-based programming enables the Triton compiler to allocate

blocks more effectively in the GPU shared memory and manage

warp execution of thread blocks. Such tile-based programming

is also perceived as ideal for CPUs with SIMD/Vector capability.

Tile-based computing is known for being cache-friendly, and also

suitable for vectorization and vector register allocation. While the

architectural analogies between GPUs and CPUs seem to suggest

that Triton is a promising programming model for AIPC edges, a

naive translation using GPU-centric parameters fails to achieve

high performance on the CPU side. The core challenge lies in the

adaptive selection of the tiling parameters, which has a profound

and contrasting impact on vector register utilization and cache

efficiency in RVV architectures.

Our empirical analysis of key computational kernels led to sev-

eral key findings. The main performance is co-determined by cache

misses and vector register spilling; thus, a balance must be struck

between these two factors. For contiguous data access (stride-1

references), a longer vector is beneficial for cache performance

due to better spatial locality and effective hardware cache prefetch-

ing. It also enables the compiler to exploit the LMUL to group a

few shorter vector registers into a longer register. However, an

extremely long vector, which is close to the scale of the data, is

detrimental to hardware prefetching. In general, long vectors would

incur more vector register spilling. Additionally, conflict misses

may also occur due to multiple rows of data mapping to the same

cache set when the vector loads are lengthy. Based on these heuris-

tics, we can accelerate the auto-tuning processes, thereby avoiding

multi-day compilation due to fruitless searches.

For future work, we will expand our evaluation to include the

use of scratchpad memory, exploring the performance potential and
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Figure 4: Correlation between kernel execution time and related metrics (Jacobi-2D)

issues of explicitly managed on-chip memory. Then, develop the

Triton CPU to support the RVV backend, enhancing the utilization

of both scratchpad memory and vector registers.
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