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Exploring and Merging Different Routes to
O(100,000s) Nodes Deep Learning

© PP Megatron LM
B MIP+DP Megatron-LM (Opt. Gradient Ex)

KARMA (D Parity) ©20R0 W KARMA

A Z6RO + KARMA
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Python, CIC++, Java. E20 o 20 A AnSha Sy Y
K 0 B N | (AR N Data-parallel ;Model-parallel - Data-parallel
gy T s ) Y oo [vaiom o 1 S
* ¢ = “+  Layer-wise distribution and
KARMA: Out-of-core  distributed Data-parallel Model-parallel (K-FAC) inverse-free  design  further

. . training (pure data-parallel)

- - 2 . . accelerate K-FAC [5
Non.l.ntryswe graph-based outperforming SoTA NLP models on 2K > A model-parallel 2nd-order method .[ ] .
partitioning  strategy for  gpy [y _ : (K-FAC) trains ResNet-50 on 1K UT  Austin, UChicago,
large  DNN . models 5T, Matsegiatess =% Model-parallelism  GPUs in 10 minutes [4] ANL
achieving superlinear com [ o S— poou wwe enables 3D CNN training  TokyoTech, NVIDIA, RIKEN, AIST
scaling [1] Tt = on 2K GPUs with 64x & ¢ ’

AIST, Koc U. ‘ rEl larger spatial size and . .
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[ ljml better convergence [3] Merging Theory and Pracl:n'ggse .
L -Wi itti Images/sec
Ayerwise oop SPUHINE - Matsuoka-lab, LLNL, LBL, RIKEN
_ accelerates CNNs [6]
g Matsuoka-lab, ETH Zurich Porting High Performance CPU-  «
5 Same efficiency
: . < based Deep Neural Network .. “onineicru™ -
MocCUDA: Porting CUDA-based . . Library (DNNL) to A64FX chi o ‘ -~ Y Apiying
Deep Neural Network Library to Englneerlng for Y B P / .;‘
s A64FX and (other CPU arch.) Performance Foundation rulitsu, RICEN, ARM 27
o & sme RIKEN, Matsuoka-lab, AIST
[1] M. Fareed et al., “A Computational-Graph Partitioning Method for Training Memory-Constrained DNNs”, Submitted to PPoPP21 3 10
[2] M. Wahib et al., “Scaling Distributed Deep Learning Workloads beyond the Memory Capacity with KARMA”, ACM/IEEE SC20 (Supercomputing 2020) TrLOPS

[3] Y. Oyama et al., “The Case for Strong Scaling in Deep Learning: Training Large 3D CNNs with Hybrid Parallelism,” arXiv e-prints, pp. 1-12, 2020. 1deal performance @FP32
[4] K. Osawa, et al., “Large-scale distributed second-order optimization using kronecker-factored approximate curvature for deep convolutional neural networks,” Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit., vol. 2019-June, pp. 12351-12359, 2019.
[5] J. G. Pauloski, Z. Zhang, L. Huang, W. Xu, and I. T. Foster, “Convolutional Neural Network Training with Distributed K-FAC,” arXiv e-prints, pp. 1-11, 2020.

[6] Y. Oyama et al., “Accelerating Deep Learning Frameworks with Micro-Batches,” Proc. IEEE Int. Conf. Clust. Comput. ICCC, vol. 2018-September, pp. 402-412, 2018.
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CPU, GPU & o EbE:

ImageNet2012 Classification Task

Device Xeon E5-2690 Tesla V100 Virtex US+ XCVU9P
Clock Freq. 2.6 GHz 1.53 GHz 0.3 GHz
Memory 32GB DDR4 16GB HBM2 9.49 MB BRAM
Throughput (FPS) 24.0 350.0 3321.25
Power (W) 95 295 75
Efficiency (FPS/W) 0.25 1.18 44.28

1751230004050 | DB % 2238
— KERD100f5M £

13



GAFAM & E->mEE |

BIE (B35, BB COMM

A =TT Ty T+ — LOEE

FRHY 7R BT ST HL 5 |

—

s MLXHPC7 —72 > a v 7O

- HEAEHHEEI(I2R, TUMZ &) & D H[EIFFZT

MR NE - RA KT - FE

55

= L

N

14



9A3~4RHIZ [CRESTAIGRIT7—72> av 7] zREL £ L7,

1z
EBEF— L, BEF—L, E@AF—L, HEF—LIZTSMWEEEE LT,



SCHR

s ALY D ENFHE

Kazuki Osawa, Yohei Tsuji, Yuichiro Ueno, Akira
Naruse, Chuan—Sheng Foo, and Rio Yokota,
“Scalable and Practical Natural Gradient for Large-
Scale Deep Learning”, IEEE Transactions on Pattern
Analysis and Machine Intelligence (TPAMI), 2020.

« FPGAZEZE
Hiroki Nakahara, Zhigiang Que, Wayne Luk, “High-
Throughput Convolutional Neural Network on an
FPGA by Customized JPEG
Compression,” FCCM, 2020, pp. 1-9.



