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Combination of Low-rank Approximation and Discriminative Training for DNN
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(a) full model (b) low-rank model

1 Reducing DNN model parameters via low-rank
factoriztion, from (a) 5x4 = 20 to (b) 5x2+2x4 = 18.

SVD

CE CE bMMI
+FT bMMI
full model >low-rank model ——>|low-rank model
33.9% 32.6% 28.1%
27.3% leMI 25.7% 21.6%
SVD
bMMI TFT bMMI bMMI bMMI?
full model > low-rank model——> [low-rank model
29.6% 32.7% 29.1%
22.6% 25.8% 22.2%

2 Three approaches to generate SVD model with
fine tuning (FT) and bMMI. The upper rows show the
WERs for the development set of the second CHiME
challenge, whereas the lower rows show those for the
evaluation set.
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