
An Efficient GEMM Acceleration Method for LLM Inference with
Variable-Length Sequences

Yu Zhang
yuzhang0722@163.com

School of Compute Science and Engineering
South China University of Technology

GuangZhou, Guangdong, China

Lu Lu∗
lul@scut.edu.cn

School of Compute Science and Engineering
South China University of Technology

Guangzhou, Guangdong, China
Pengcheng Laboratory

Shenzhen, Guangdong, China

Abstract
This work proposes an efficient GEMM acceleration method for
LLM inference with variable-length sequences. First, a fused par-
allel prefix scan design is developed to capture the matrix dimen-
sion distribution. Second, an efficient various-size tile kernel is
implemented based on Matrix Core, with an analysis of the hard-
ware resource requirements in the computation process. Third, a
hardware-aware tiling algorithm is designed to select the optimal
tiling scheme based on thread parallelism and hardware resources.
The experimental results show that the proposed approach achieves
performance improvements of 3.10× and 2.99× (up to 4.44× and
4.27× ) over hipBLAS and rocBLAS.
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1 Introduction
With LLM demonstrating impressive performance across various
NLP domains, they have become capable of handling complex
text-processing tasks such as machine translation [1], code genera-
tion [2], and human-computer interaction [3]. In previous studies,
the batch-processed sequence is usually extended to a uniform
length using a zero-padding method to avoid length inconsistencies
between input sequences. In this way, multiple input sequences
are mapped to the same length by setting max sequence length.
Zero-padding and matrix computation in LLM inference are shown
schematically in Fig. 1. Unfortunately, this method can lead to inef-
ficiencies in computation and unnecessary memory usage during
the batch inference process, which can impede the deployment of
LLM.

2 Design and Methodology
2.1 Fused parallel prefix scan design
The padding mask matrix is a crucial component in the LLM in-
ference process, particularly within the SA module. This matrix
regulates the model’s access to input sequences, ensuring that spe-
cific rules are followed during inference. The padding mask matrix
indicates the length of each sequence, where 1 signifies valid data
and 0 denotes a padding element. Our motivation is to determine
the valid sequence length distribution (val_seq array) of the input
sequences using the padding mask matrix representation. To avoid
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Figure 1: Illustration of batch GEMM in SA andMLPmodules
during LLM inference

invalid computation and bandwidth consumption, the matrix is
segmented according to the val_seq array. Wavefront-level parallel
accumulation with hardware intrinsics (e.g., __shfl_up) minimizes
synchronization overhead, while kernel fusion reduces context-
switching latency.

2.2 Variable-sized kernel design and
performance analysis

In this section, we design five tiles with the specific parameter
list shown in Table 1. Fig. 2 shows four categories of hardware
resources (LDS, VGPR, SGPR, SCR) during kernel execution along
with the corresponding performance data for each tile.Larger-size
tiles tend to provide better intra-tile parallelism. As the tile size
increases, the demand for hardware resources during the execution
of each tile also increases. The performance of the “256*256*32”
tile exhibits a significant, cliff-like drop compared to other tiles
rather than an expected upward trend. This is primarily attributed
to its heavy reliance on SCRs – hardware resources employed to
manage register overflow. When a thread’s workload exceeds the
on-chip registers’ capacity, the compiler temporarily utilizes SCRs
to store overflow data. Accessing data from SCRs is significantly
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slower than accessing data directly from registers. Consequently,
the “256*256*32” tile demonstrates poor performance in practical
calculations.

Table 1: The parameter design choice in variable-sized tile

Index Tile 𝑇𝑚 𝑇𝑛 𝑇𝑘 𝑊𝑚 𝑊𝑛 𝑊𝑘

0 small 64 64 32 1 1 8
1 small-medium 64 128 32 1 2 8
2 medium 128 128 32 2 2 8
3 medium-large 128 256 32 2 4 8
4 large 256 256 32 4 4 8
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Figure 2: The variable-sized tile kernel performance andhard-
ware resource overhead

2.3 Hardware-aware tiling algorithm
In this section, we utilize two primary criteria—Thread-Level Par-
allelism (TLP) performance and Hardware Resource Limitation
(HRL)—to guide the selection of an optimal tiling strategy. In thread-
level parallelism, TLP is used to quantize the number of threads
performing computation tasks in parallel, which is usually related
to tile size and the number of threads in the workgroup. For a given
batch matrix and tiling scheme, the TLP can be computed as:

𝑇𝐿𝑃 =
∑︁
𝑖

𝜙

(
𝑀𝑖 × 𝑁𝑖

𝑇𝑚𝑖 ×𝑇𝑛𝑖

)
×𝑇𝑤𝑎𝑣𝑒𝑓 𝑟𝑜𝑛𝑡 (1)

HRL is used to quantize the hardware resource requirements
of threads during kernel execution, which involves the hardware
resource requirements (LDS and VGPR) based on the tiling scheme.
HRL can be computed as:

𝐻𝑅𝐿 = 𝐿𝐷𝑆𝑢𝑠𝑒𝑑 +𝑉𝐺𝑃𝑅𝑢𝑠𝑒𝑑 (2)

3 Evaluation
In the comparison experiments, we evaluate two implementations
(hipBLAS [4] and rocBLAS [5]) on MI210. Table 2 lists the exper-
imental platform’s key components and software versions. The
experimental results in Fig. 3 show that the proposed method has a
speedup of 3.10× and 2.99× (up to 4.44× and 4.27×) then hipBLAS
and rocBLAS, respectively.

Table 2: The configuration of experimental platform

Experimental Platform

CPU AMD EPYC 7663 @3.50 GHz
GPU AMD Instinct MI210 GPUs, 64GB RAM
ROCm ROCm 6.1
Python Python 3.9.19

OS Ubuntu 22.04
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Figure 3: The average latency of𝑄×𝐾𝑇 ,𝑄𝐾𝑇 ×𝑉 and𝑄𝐾𝑇𝑉 ×𝑃
functions. (average length = 0.6 ×max sequence length)
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(a) Fused kernel implementation
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(b) Tiling algorithm

Figure 4: The performance benefits of fused kernel imple-
mentation and tiling algorithm

Fig. 4 (a) show the proposedmethodwith the fused-implementation
has 1.16× and 1.06× performance improvement, respectively. As
shown in Fig. 4 (b), the proposed tiling algorithm can achieve an
average performance improvement of 1.17× and 1.78× when the
batch size is 8 and 16, respectively, which proves the effectiveness
of the proposed tiling algorithm.
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