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Study on Distributed Training Optimization Based on Hybrid Parallel
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Abstract Large-scale neural network training is a hot topic in the field of deep learning,and distributed training stands out as one
of the most effective methods for training large neural networks across multiple nodes. Distributed training typically involves
three parallel methods: data parallelism, inter-layer parallelism, and intra-layer parallelism. However, in existing frameworks.,
manual model partitioning is required for inter-layer parallelism,which increases the abstract complexity of model design. To ad-
dress this issue, we propose a node-constrained relationship search algorithm that automates the model partitioning process.
Moreover,in traditional data parallelism and inter-layer parallelism,strict serialization limits the overlap of computation and com-
munication due to complex model constraints and the need for communication operations. To overcome this challenge, we intro-
duce a synchronous optimization algorithm,enabling the overlap of computation and communication and effectively enhancing the
overall training efficiency. The experiments involve training GPT-2 of different sizes, AlexNet, VGG16,and ResNet50 models.
Using the synchronous optimization algorithm under a 6-node configuration, the training performance of GPT2-XL, GPT2-
LARGE,and GPT2-MEDIUM models is improved,achieving speed-ups of 1.14,1.18,and 1. 23, respectively. Under 1-node con-
figuration, performance enhancements are also observed for AlexNet, VGG16,and ResNet50 models, with speed-ups of 1. 31,
1. 14.and 1. 03.respectively. The experimental results indicate that the synchronous optimization algorithm effectively enhances
the training efficiency in mixed parallelism.

Keywords Distributed learning, Hybrid parallel, Automatic segmentation, Communication optimization,Gradient synchronization
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). BJ5 ¥4 h3E2 & RunFlag %% 4 False, 58 I % .
i3 WPMmER
WA A A mode_shard , $( 43 A batch_size, J2 il 34741 inter,

BAEIEATE data, GPU 454 Gi; - KA T
1. Initialize SyncQueue Q / /1 4H1k A2 BAHI Q
2. RegisterCommunicationHandle(Q)
3.fori—> 1~TIdo

4. micro_batch= DivideBatchSize(batch_size)

5. Train(micro_batch)

6. WaitCommunicationFinish()

7. end

8. RunFlag=false

9. Function RegisterCommunicationHandle(Q) :

10.  while RunFlag do

11. if last_backword then

12. 1=Q. popO)

13. syncAllReduce(D)

14. if 1l == 1 then

15. FinishCommunication()
16. end

17. end

18.  end

19. Function Train(micro_batch) :

20.  while recMsgNum! =0 do

21. recvMsglistener()

22. if recMsgNum == 0 then

23. last_backword= True

24. end

25. if G;== 0 and micro_batch. size()! =0 then
26. next_micro_batch=micro_batch. pop()
27. output=Forward(next_micro_batch)
28. send(output,Giy1.;)

29. else if Gi == inter —1 then

30. output=Backward()

31. send(output,Gi—1.;)

32. end
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5.1 RIBIFE

AR SSRGSk W T L85 R Ay : PyTorch 1. 13. 0,
OpenMPI 4. 1. 6 Fl DTK 22.10. 1.

SE V& O B B YO SN o R I B YT &R
G BRAER G N CentOST7. 6, 3R JH A0 &% + N # 4% 4249, &5 1>
T LEA 1A CPU AEZR A 4 4~ DCU Jin i % , &b ¥ 28 5%
Mg —5 CPU, B R A 32 M0, I £ T 6 i FF )3
64 MR B EIBATANIA 3. 0GHZ BL F, DCU 1“1l 7
2 1 22 55 (W RE 4 A0 8E 2%, Roem WA Sy DTK 22.10. 1, B A
16 GB M2 RN A7, EARMTE M RETE AR in & 1 51,

F 16— DCU sk 25 i 88 1448 b

Table 1 Hardware indicators of Haiguang No. 1 DCU accelerator
%5 B AR R R AR % ¥
1 Compute Units 64
2 Core Clock Rate 1.6 GHz
3 GDDR5 Memory Clock Rate 1000 MHz
4 Memory Size 16 GB
5 Peak Memeory Bandwidth 1TB/s
6 1.2 Cache Size 1024kB
7 Local Data Store per CU 64kB
8 Single Precision Peak Performance 6.5 TFlops
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Fig.7 Loss changes before and afterusing synchronous

optimization algorithm
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Fig. 8 Changes of throughput with different number of nodes

and different batch sizes
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at the same batch size
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