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Graph Neural Network Training Acceleration for Multi-GPUs

MIAO Xu-Peng', WANG Yu-Jie', SHEN Jia', SHAO Ying-Xia’, CUI Bin'
'(School of Computer Science, Peking University, Beijing 100871, China)

*(School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract: In recent years, graph neural networks (GNNs) have attracted wide attention due to their powerful and flexible representation
ability. Considering the increasing scale of graph data and the limitation of the video memory capacity, it becomes more challenging to
train GNNs with traditional general deep learning systems, and such training cannot give full play to the performance of GPU devices. To
achieve efficient use of GPU hardware for GNN training is one of the important research issues in this field. Traditional approaches
employ sparse matrix multiplication for the calculation process of GNNs. When the video memory capacity of GPU devices is limited, the
computation tasks are distributed to each device by distributed matrix multiplication. Their shortcomings are mainly as follows: (1) Sparse

matrix multiplication ignores the sparse distribution of the graph data, which results in low computation efficiency. (2) These methods

w FEEIH : EKE ST AR (2018YFB1004403); 5K [ 48 B 243 4x (61832001, U1936104); bt K 2%-E B[R] 6137 5256 = 15 H ; CCF-
R4
ORI ) 2021-08-02; A& KU 1]: 2021-09-26; K A I [7]: 2022-01-23; jos 74k H ARIN A]: 2023-01-04
CNKI 1% 2% 5 %% I i) 2023-01-05



4408 HAFFIR 2023 FF 34 K% 9B

ignore the computation and memory access characteristics of GPU and fail to utilize the hardware resources. To improve the training
efficiency, some studies propose to reduce the costs of each iteration and storage requirements through graph sampling techniques, which
also support flexible distributed scaling. Due to the stochastics and variance, however, these methods often affect the model accuracy.
Therefore, this study proposes a high-performance GNN training framework for multi-GPUs. Different GNN partition strategies for multi-
GPUs are explored, and the influence of different graph ordering patterns on the GPU performance during the calculation process of GNNs
is investigated to ensure the accuracy of the model. Moreover, block-sparsity-aware optimization methods are put forward for GPU
memory access. The prototype system is achieved using C++ and CuDNN. The experiments on four large-scale GNN datasets demonstrate
that (1) the graph re-ordering method improves the cache hit rate of GPU by around 40% and doubles the computation speedup; (2)
compared to the existing system DGL, the proposed system achieves a total speedup of 5.8x.

Key words: graph neural network (GNN); distributed computation; memory optimization; GPU acceleration
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B3 2 04 GNN 1173 He P F A
i A, n, blocknum, Graph_reorder_alg;
i EHEZR G| reorder_index (1xn).

1 for i =0 — blocknum—1do

2 s,e=ixn/blocknum, (i+1)=*n/blocknum

3  adj block =Als:e, s:e]

4 reorder_index[s:e]l = Graph_reorder_alg(adj block)+ s

5 return reorder _index

i, B METIS HHEN HI£E Reddit 431811, SRJ5 25 1.5D (p=4, r=2) A5 % (LI 4 NEEREIFAT 20
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LI SPMM F-AN SV &I-H AR A B 20 A, AR R I Mg 07 sCEAT v 5. IR HR AR e R B T
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