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1989: Time delay neural networks

1995: Hybrid MLP-HMM

2000;: MLP-HMM Tandem

2009: DNN-HMM
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IEEE TRANSACTIONS ON ACOUSTICS, SPEECH. AND SIGNAL PROCESSING. VOL. 37, NO. 3. MARCH 1989

Phoneme Recognition Using Time-Delay
Neural Networks

ALEXANDER WAIBEL, MeMBER, IEEE, TOSHIYUKI HANAZAWA, GEOFFREY HINTON,
KIYOHIRO SHIKANO, MEMBER, IEEE, AND KEVIN J. LANG
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NN/ HMM Hybrid approach
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Tandem approach
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Hierarchical tandem processing
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1989: Time delay neural networks

1995: Hybrid MLP-HMM

2000;: MLP-HMM Tandem

2009: DNN-HMM
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DNN-HMM
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Restricted Boltzmann Gaussian-Bernoulli RBM
Machines
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Restricted Boltzmann Bernoulli-Bernoulli RBM
Machines
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Restricted Boltzmann E‘x"jﬁfﬁ%
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Restricted Boltzmann E‘x"jﬁfﬁ%
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Sequential Discriminative Criterion
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Recurrent Neural Nets
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Model Dev WER|[%] | Eval WER|[%]
Baseline - KN5 12.2 17.2
Discriminative LM [14] 11.5 16.9
Joint LM [7] - 16.7
Static RNN 10.5 14.9
Static RNN + KN 10.2 14.6
Adapted RNN 9.8 14.5
Adapted RNN + KN 9.8 14.5
All RNN 9.7 14.4

[Tomas 201 1]




TBaseline -KNs | 122 | 172 |
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Static RNN + KN 10.2 14.6




TBaseline -KNs | 122 | 172 |

Static RNN 10.5 14.9

Static RNN + KN 10.2 14.6
N EXDRBIT F feht B I
FrvvaETILED EBEI

N-gram & DFRFZETEICK 5T, KD &) =T )b

o

BETZD

ARz
CFETED

NEYw 7 ETIL + N-gram & DZET IEANEH




Connectionist Temporal Classification
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Connectionist Temporal Classification
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Adaptation: param. transformation
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Adaptation: KL-regularization
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Multilingual Speech Recognition
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