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Implementation of Batch Matrix Multiplication  Fujitsu

Implementation of Batch Matrix Multiplication for Large Language Model Training on A64FX CPUs, Hiroki Tokura et al., COOL Chips 27

O Large Language Models (LLMs) represent a significant leap
O LLM training is also carried out on the supercomputer Fugaku.

O LLM process is dominated by matrix multiplications
2 types of matrix multiplication
OA large size matrix multiplication

OBatch Matrix Multiplication (BMM): performing multiple matrix
multiplications

We propose an efficient BMM implementation for A64FX CPUs.

S Tm—— N N
Tokyo Tech, Tohoku University, Fujitsu, and RIKEN K By K By
start collaboration to develop distributed training N
of Large Language Models

g¢ anguag M{| Ao || Co M||Ap-1|| Cp-1
Tokyo Institute of Technology, Tohoku University, Fujitsu

Limited, RIKEN « .
s 12 # of batches b © Fujitsu 2024




PyTorch original implementation FUJITSU

Implementation of Batch Matrix Multiplication for Large Language Model Training on A64FX CPUs, Hiroki Tokura et al., COOL Chips 27

OPyTorch uses BLAS routines to accelerate matrix
multiplications in LLMs

OA matrix multiplication is assigned per thread

The performance is decreased if the number of matrix multiplications is
less than the number of cores

Batch matrix multiplication patterns appeared
in the LLM training of our evaluation.

Thread ID

0 Matrix multiplication | Pattern 1 2|_ 3 4 5

: T Transpose of A |No No No Yes Yes

# of batches < Matrix multiplication Transpose of B |No Yes Yes No No

; # of matrix

Matrix multiplication | multiplications 6 6 6 6 6
The execution time M 144 144] 2048 2048 2048
N 2048 2048 144] 2048 2048
; K 2048 2048 2048 144 144
47 LDA 2592 864 2048] 2592| 2592
Time — LDB 2048 2048 2592| 2592 864
LDC 144 144] 2048 2048 2048

13 © Fujitsu 2024



Our proposed implementation FUJITSU

Implementation of Batch Matrix Multiplication for Large Language Model Training on A64FX CPUs, Hiroki Tokura et al., COOL Chips 27

OAB64FX CPU has 48 cores
48 Threads are divided into Thread-Groups(TGs) every t threads

OA matrix multiplication is computed by g TGs
We experimentally determine the optimal values of t and g

t=3
CMG C Network on chip D) Thread ID # of batches per Thread-Group
e CMGD_ | [ CMGL | [ GuGz_ | [ CMG3 R |
(o8] el [ TG0 ] [ 161 ] [ 162 ] [ 163 | Threa d-Group{s Multiplication
[_cache |||[ Cache || |[ _Cache | [ L2cache || |[ L2cache || |[ L2cache || |[ L2cache | 11
t=4 t=6 t=12 I I I I 12
CMG CMG CMG :
— ||[ (] e | 23
24
| Cache | | Cache | | Cache | HBM2 HBM2 HBM2 HBM2 H
35
The patterns of Example of TG 35
the Thread-Groups. assignment for g = 2 a

Time ——»

14 © Fujitsu 2024



Evaluation result of overall LLM training Frujirsu

Implementation of Batch Matrix Multiplication for Large Language Model Training on A64FX CPUs, Hiroki Tokura et al., COOL Chips 27

Our proposed implementation contributes to
a 25% improvement in overall LLM training.

55.00 CPU: A64FX(48cores, 2.2GHz)

- o The language environment: tcsds-1.2.38
g5 0% Fujitsu Processor A64FX Specifications
§2 Cores 48
EE- 45:00 & ----- _— A 25% Frequency[GHz] 2.2
= 1 FP32 Peak 6.75
% £ 40.00 Improvement Flops[TFLOPS] 84
58 _

2 S 300 % The optimal values of ¢ and g of each pattern.
25 Pattern 1 2 3 4 5
t: the number of
30.00 threads in a TG 12 4 4 4 4
B Original PyTorch implementation g: the number of
. . TGs for a matrix 2 2 2 2 2
B Our proposed implementation multiplication

15 © Fujitsu 2024
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OMegatron-LM @ interleaved 1F1B Z{#H

Device 1
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Device 4
Time . .
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. MM, ..0. L 111 1110
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Time
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Figure 4: Default and interleaved 1F1B pipeline schedules. The top figure shows the default non-interleaved 1F1B schedule. The bottom figure
shows the interleaved 1F1B schedule, where each device is assigned multiple chunks (in this case, 2). Dark colors show the first chunk and
light colors show the second chunk. The size of the pipeline bubble is smaller (the pipeline flush happens sooner in the interleaved timeline).

https://arxiv.org/pdf/2104.04473.pdf
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