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2 Motivation
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4. XÛmake an ensemble
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?1­·¶"

£2¤Uì�A�gSrù
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£3¤3 nnet-simple-component.ccÚ nnet-simple-component.h¥ò Kaldi�

NoOpComponentÚ\¦ÚÅ�§¿V\¢yØ{� component£AvgComponent¤£ù

ü� component^u�A�f�äÑÑ�þ�¤"?È"

£4¤ò£?U��¤NoOpComponentÚ#V\� AvgComponent�V\�

#� mdl©�¥"

5µÖö�ëì)ö� component©�[1] Ú¢y major vote�©�Y[2] ?1

component�V\Ú ensembling�¢y"

5. XÛ�Eo���p½��ä

Uìe�Ú½?1=�"

£1¤|^/3. random connection-pruning�¢y�{0¥Jø��{)¤�

��Åà}
75% connections��ä§��1��f�ä£nnet 1¤"

£2¤|^)ömu� nnet3-init-sparse-opposite£Kaldi-based Command¤)

¤��DÕ5(�� nnet 1������ä nnet tmp 1 £5µnnet3-init-sparse-

opposite �c©0�� nnet3-init-sparse ^{�Ó§�´)¤��ä(���¤"

òd�ä�50% ��vK§����#�DÕÝ75%��ä nnet tmp 2§|^

nnet3-init-sparse£Kaldi-based Command¤òd�ä�(�A^����ÅÐ©

z��ä§=1��f�ä nnet 2"

£3¤|^)ömu� nnet3-add£Kaldi-based Command¤ò nnet 1 � n-

net 2 �\§�� nnet tmp 3£DÕÝ50%¤"2�ìÚ½£2¤§|^ nnet3-init-

sparse-opposite£Kaldi-based Command¤)¤� nnet tmp 3 (�����ä n-

net tmp 4"ò nnet tmp 4�25%���vK§�� nnet tmp 5"
�|^nnet3-

init-sparse£Kaldi-based Command¤òd�ä�(�A^����ÅÐ©z��

ä§=1n�f�ä nnet 3"

[1]https://github.com/wyq730/CSLT-Sparse-DNN-Toolkit/tree/master/Supplemen

t for Kaldi Source Code/src/nnet3
[2]https://github.com/wyq730/CSLT-Sparse-DNN-Toolkit/tree/master/CSLT DNN

Ensembling Toolkit
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£4¤ò nnet 1§nnet 2§nnet 3 �\§�� nnet tmp 6"|^ nnet3-init-

sparse-opposite£Kaldi-based Command¤§)¤� nnet tmp 6 (�����ä§

B��1o�f�ä nnet 4"
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5µÖö�ë�)ö)¤o���p½�ä��Y[3] ?1¢y"�±­:ë

�Ù¥ gnrt.sh���g´£T��Ð«
þãL§¤?1Ey"

[3]https://github.com/wyq730/CSLT-Sparse-DNN-Toolkit/tree/master/CSLT Exc

lusive DNN Toolkit
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