JER R MAARI ) H55% B 1 201941 1

Acta Scientiarum Naturalium Universitatis Pekinensis, Vol. 55, No. 1 (Jan. 2019)

doi: 10.13209/.0479-8023.2018.065

N3LDG: —fp&e g 3 SR 1E S AR 24 2) )
IHAt bd kML HFE ARZE

By TR B LR R 2B, PAJREE 150080; T i (E/E#, E-mail: ghfu@hotmail.com

WE BB —MAT ARES IR ERIRIEE S ENILDG, IR RSt @it AR, 168 A st
EAPITITER . LR BN, FGERMLE ML . B ELSTMAR Z5# LSTMY, N3LDGHSHE & s b i 2 5
PATHA R S HCPUYIZ iR AIE, N3LDGHI IR L F PyTorch; X4 f# F GPUYI 254 B 4 N 4% 1l
A5 LS TMAEL Y I5f, N3LDGI I 2438 B 4 TPy Torch.,
K REFIE;, ARIEF AR, BEY; CUDA

N3LDG: A Lightweight Neural Network Library
for Natural Language Processing

WANG Qiansheng, YU Nan, ZHANG Meishan, HAN Zijia, FU Guohong*

School of Computer Science and Technology, Heilongjiang University, Harbin 150080,
T Corresponding author, E-mail: ghfu@hotmail.com

Abstract The authors propose a neural network library N3LDG for natural language processing. N3LDG sup-
ports constructing computation graphs dynamically, and organizing executions into batches automatically. Experi-
ments show that N3LDG can efficiently construct and execute computation graphs when training CNN, Bi-LSTM,
and Tree-LSTM. When using CPU to train above models, the training speed of N3LDG is better than that of PyTorch.

When using GPU to train CNN and Tree-LSTM, N3LDG is better than PyTorch.
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Table 2 Benchmarks of N3LDG and PyTorch on single

thread CPU
Ml /s
T
N3LDG PyTorch
CNN (MB=1) 14.76 626.96
CNN (MB=16) 7.56 91.61
CNN (MB=256) 6.92 65.03
BSTMMB-) ness 1303
Bi-LSTM (MB=16) 35.46 157.12
Bi-LSTM (MB=256) 23.69 108.03
 TeelSTMMB-) 367 10761
Tree-LSTM (MB=16) 20.39 54.56
Tree-LSTM (MB=256) 18.46 23.67
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Table 3 Benchmarks of N3LDG, PyTorch CUDA and
PyTorch cuDNN on GPU

A 1a] /s
T
N3LDG PyTorch CUDA  PyTorch cuDNN

CNN (MB=1) 6.71 22.82 20.79

CNN (MB=16) 0.80 8.81 5.16

CNN (MB=256) 0.47 8.64 4.11
CBILSTM(MB=1) 18327 14197 | 14695

Bi-LSTM (MB=16) 24.94 24.30 24.78

Bi-LSTM (MB=256) 4.75 8.116 8.414
TreeLSTM(MB=1) 4932 11204 ol

Tree-LSTM (MB=16) 13.83 24.59 23.12

Tree-LSTM (MB=256) 5.35 16.20 14.93
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Fig.2 Time in per training stage when auto-batch
enabled or not
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Table 4 Total execution duration, times and average
duration of matrix multiplication
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Table 5 Total execution duration, times and average
duration of CUDA kernel functions

Jrik Rl /s PATUCEL SPRIHATIN E] /s

Tk SR PATUCEL SFEIHHAT IR E] /s

No Batch 80.93 7774128 10.41

Auto-Batch 8.72 75918 114.81

No Batch 88.85 9145857 9.72

Auto-Batch 1.26 116883 10.79
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Fig. 3 Comparison of training time among the absence of the memory pool, cnmem and ours
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