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Fourth,| the learning procedure should not require precise
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| A . \
Deep Neural Networks MUST
N BE SUPERVISED

Table III, using a better alignment|to generate training labels
for the DNN can|improve the accuracy,| This observation is
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FAME

Aurora-4 Robustness Task

M.L. Seltzer, D. Yu, and Y. Wang, “An nvestigation of deep

neural networks for noise robust speech recognition,” in Proc.
ICASSP, 2013, pp. 7398-7402.

The evaluation set was Test Set 1 (clean data)

2032 senones

WSJO trigram language model.
Utterance-level mean and variance normalization

40-dimensional log mel
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Conclusions

Better Targets for Supervised Learning

MFCC TBANK
Spatial dimension Temporal features
= —— — —
A S S S S S T A O I T T T T
5000

Frequency, Hz

Spatial dimension Temporal features
E - - - - - - - - - o
IR T I B
1000

Frequency. Hz

Spatial dimension Temporal features
BEEEEERRERREERE

Tree-building WER% | WER%

Features (GMM) | (DNN)
MFECC 5.08 2.88
+FAME (high) 4.76 2.45
+FAME (mid) 4.82 2.52
+FAME (mid+high) 4.67 2.54

Table 1: Combining temporal feature representation at mid-
and high-frequency regions during state-level alignment.



Conclusions

Better Temporal Alignment

MFCC TBANK

Frequency, Hz

N
???????ITIYI????
1000

Frequency. Hz

Spatial dimension Temporal features

BEEEEEEEEEEREE
Tree-building (GMM) (DNN)
Features Del, Sub, Ins | Del, Sub, Ins
MFCC 19, 189, 64 13,114, 27
+FAME (high) 24,180, 51 17,96, 18
+FAME (mid) 22,184, 52 15,91, 29
+FAME (mid+high) 26, 182, 42 20, 90, 26

Table 2: Error type (deletion, substitution, insertion) analysis



Better Context Window

DNN Input -

(6+1+6)

DNN Input -

(5+1+5)

-

DNN Input
B 0.0 -
Q
&)
o

Conclusions

(4+114)

Tree-building Context window
Features 13 11 9
(6+1+6) | (5+1+5) | (4+1+4)
MFCC 2.76 2.88 2.84
+FAME (high) 2.69 2.45 2.58

Table 6: DNN performance (WER %) using various context
windows of past and future frames as input features.
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