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TANDEM ACOUSTIC MODELING FOR AUTOMATIC
SPEECH RECOGNITION.

This is a new approach to modeling the speech signal that combines the standard
Gaussian Mixture Model / Hidden Markov Model (GMM/HMM) approach with the more
unusual connectionist approach. Experiments in a connected digits task reported in [1],
showed an improvement of more than 50% in word error rate over a standard baseline
system. The main objective of this project is to investigate variations on the system to
determine which parts are most important and how they can be improved. All the
experiments are done using the auroaratask as the database.

INTRODUCTION

Tradionally, Automatic Speech Recognition (ASR) Systems have used as its core the
conventional Gaussian Mixture Models/Hidden Markov Model (GMM/HMM) Approach.
Standard Gaussan Mixture Model / Hidden Markov Model (GMM/HMM).

Here, Gaussian Mixture Models are used to estimate the likelihoods. The acoustic model

istrained using a set of examples that have been previously labeled. The typical structure
is depicted in Figure 1.
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The extensive use of this approach has resulted in the availability of very sophisticated
tools such as HTKJ[4], which offers very effective procedures for the parameter
estimation and for the HMM decoder implementation.

The parameter estimation is done using the maximum-likelihood criteria via the
Expectation Maximization (EM) algorithm.

The hybrid connectionist-HMM framework

In this approach[2], the Gaussian Mixture Models are replaced by a Neural Network,
which has been discriminatively trained to estimate the posterior probabilities of the
phone classes (states) given the observations, p(qlx). The pogerior probabilities
calculated by the neural network are converted into scaled likelihoods before being used
inthe HMM decoder. Thisis done using the Bayes' rule, which states that:

p(gifxi) = (p(xilcy)-p(cy))/p(xi)



So the scaled likelihoods could be estimated from the posteriors by:

(p(xilap) / p(xi)) = (p(gjfxi) / ()

The scaled likelihoods differ from the likelihoods used in the model of Figure 3 by the
factor, p(x). But since this factor is constant to all the speech classes, the scaled
likelihoods can be used in the model. The basic structure of the hybrid connectionist-
HMM framework is depicted in figure 5.
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The Tandem Acoustic System

In this approach, the “processed” outputs from a Neural Network discriminatively
trained to estimate the posterior probabilities of the phone classes given the observations,
are used as the “features’ for a conventional GMM-HMM decoder system.

The basic structureis illustrated in figure 2.
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The last non-linearity of the Neural Network (softmax, exponentials normalized to sum

to 1) is omitted in order to closely estimate the log of the posterior probabilities This is
done because the probabilities have a very skewed distribution. Before being used as the
features for the GMM-HMM framework, global decorrelation is applied to the
“log-posteriors’ viathe Karhunen-Loeve Transform (KLT).[1]

EXPERIMENTS

Esentially the Tandem Acoustic Model consists in a system like the following:
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Where the Pogerior Probabilities Estimation module is given by a Neural Netwotk
trained for that purpose.

The sets of experiments reported here, consist in a comparation of the performance of the
Tandem Acoustic System against another Tandem System which would use a different
approach to estimate the posterior probabilities.

This alternative Tandem System is the following:
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Here, the Gaussian Mixture Models obtained from the training of a conventional
phone-based GMM/HMM system are used to estimate the likelihoods of each phone.
Then a module that applies the Bayes rule to this likelihoods is used to estimate the
posterior probabilities of each phone. And then these posterior probabilities are used as
the features for a conventional GMM/HMM system.

The speech features used in the Standard Tandem System are 12" order perceptual linear
prediction coefficients with their first order delta coeffcients. For the Alternative Tandem
System, we use as speech features the same set of features and the Karhunen-Loeve
Transform (KLT) coefficients applied on those features.

Aswe mentioned before the acoustic model for the GMM/HMM system is trained using
a set of examples that have been previously labeled. We use two different sets of labels,
one that consist in the phone-level labels obtained from the expansion of the world-level
labels using the phonetic dictonary and one using the phone labels obtained from a hybrid
connectionist-HMM system previously used with the same database.

There is a fundamental difference in the use of the different labels, the expansion of the
world-level labels is done using all the possible phonetic pronuntiations to that word. The
labels obtained from the hybrid connectionist-HMM system (nn_labels) use the correct
phonetic pronuntiation being used in a particular utterance when a word with alternative
pronuntiations is used.

We present four different results for the alternative Tandem System one for each set of
speech features using each one of the two sets of labels.

We will present first the results obtained from the Standard Tandem System then the
results using the four variations of the alternative Tandem System, presenting first the



results of the phone-level HMM/GMM system used to obtained the Gaussian Mixture
Models needed to estimate the likelihoods and eventually the posteriors probabilities of
the phones.
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Results for the Standard Tandem System
+++++++++H R R

Test A

az2-testa: UNKNOMWN
(/ hones/ dr speech/ dat a/ aur or a/ experi ments/ nmjr59/test_Net Si ze/t est _480_hi
dden_units/test2 480 ftr/nulti_testa.result)
VER% N1 N2 N3
CLEAN 1.0
SNR20 1.1
SNR15 1.4
SNR10 2.5
SNR5 5.7
SNRO 17.8 32.1 26.1
SNR-5 53.1 75.0 77.2 60.2 66.4
Mean ratio to HTK base = 63.5%
Avg. VEER 20-0 SNR = 7.69%
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Test B

az2-testb: UNKNOMWN
(/ hores/ dr speech/ dat a/ aur or a/ experi ments/ njr59/test _NetSi ze/test _480_hi
dden_units/test2_ 480 ftr/nulti_testb.result)

VER% N1 N2 N3 N4 avg
CLEAN 1.0 1.3 1.1 0.9 1.1
SNR20 1.4 1.6 1.8 1.0 1.5
SNR15 1.8 2.1 2.4 2.0 2.1
SNR10 4.3 5.2 4.3 4.0 4.5
SNRS 11.4 14.0 11.4 12.0 12.2

SNRO 34.1 40.3 31.7 35. 35.4
SNR-5 75.2 75.3 73.5 79.4 75.8
Mean ratio to HTK base = 70. 3%
Avg. VER 20-0 SNR = 11.12%
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Test C
/ hones/ dr speech/ dat a/ auroral/ src/ htk-scripts/fnt_htk rslt.sh on sal non
at Wed Nov 29 12:16:31 EST 2000 :

az2-testc: UNKNOMWN
(/ hones/ dr speech/ dat a/ aur or a/ experi ments/ nmjr59/test_Net Si ze/ t est _480_hi
dden_units/test2_ 480 ftr/multi_testc.result)

VER% N1 N2 avg

CLEAN 0. 8 1.2 1.0
SNR20 0.9 1.7 1.3
SNR15 1.4 2.3 1.8
SNR10 2.8 5.6 4.2

SNR5 6.6 13.6 10.1
SNRO 22.6 42.4 32.5
SNR-5 62.6 78.0 70.3
Mean ratio to HTK base = 59.5%
Avg. VR 20-0 SNR = 9.98%
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Results for the GvM HWM system usi ng PLP+delta coefficients
wi th phone | abel s obtained fromthe expansion of the word

| abel s.
+++++++++H

Test A
/ hones/ dr speech/ dat a/ auroral/ src/ htk-scripts/fnt_htk rslt.sh on sal nbn
at Wed Sep 12 13:47:39 EDT 2001 :

az2-testa: UNKNOMN (nulti_testa.result)

VWER% N1 N2 N3 N4 avg
CLEAN 2.1 1.9 2.0 1.7 1.9
SNR20 2.9 2.9 2.3 3.4 2.9
SNR15 4.0 4.3 3.1 4.6 4.0
SNR10O 7.1 7.7 5.3 8.8 7.2
SNRS 13.5 17.1 12.8 18.1 15.4
SNRO 35.9 46.4 41.0 39.1 40.6
SNR-5 74.7 80.4 81.4 74.7 77.8

Mean ratio to HTK base = 125. 8% ( -25.8)
Avg. VER 20-0 SNR = 14.01% ( 85.99)
20-0 rel ative inprovenent on HTK = -15. 02%
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Test B

a2-testb: UNKNOMN (multi_testb.result)

VER% N1 N2 N3 N4 avg
CLEAN 2.1 1.9 2.0 1.7 1.9
SNR20 4. 4 3.1 3.6 3.9 3.7
SNR15 7.9 5.1 5.6 5.9 6.1
SNR10 12.1 9.9 9.1 9.8 10.2
SNRS 24.5 22.4 18.7 20.8 21.6

SNRO 52.7 49.4 40.9 47.0 47.5
SNR-5 88.2 79.0 77.7 81.7 81.6
Mean ratio to HTK base = 138. 3% ( -38.3)
Avg. VEER 20-0 SNR = 17.84% ( 82.16)
20-0 rel ative inprovenent on HTK = -29.93%

L o

Test C

az2-testc: UNKNOMN (nulti_testc.result)

VER% N1 N2 avg
CLEAN 2.0 2.0 2.0
SNR20 3.1 3.4 3.2
SNR15 4.9 5.3 5.1
SNR10O 8.6 9.2 8.9
SNR5 20.4 21.5 20.9
SNRO 51.5 50.6 51.1
SNR-5 82.0 80.8 81.4

Mean ratio to HTK base = 116. 5% ( -16.5)
Avg. VEER 20-0 SNR = 17.85% ( 82.15)
20-0 rel ative inprovenent on HTK = -10. 04%
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Results for the alternative Tandem System usi ng PLP+delta
coefficients with phone | abel s obtained fromthe expansi on

of the word | abel s.
+++++++++H

Test A

/ hones/ dr speech/ dat a/ auroral/ src/ htk-scripts/fnt_htk rslt.sh on sal non
at Wed Sep 12 13:49:58 EDT 2001 :

az2-testa: UNKNOMN (nulti_testa.result)

VER% N1 N2 N3 N4 avg
CLEAN 2.1 2.0 1.9 1.9 2.0
SNR20 2. 4 2.7 2.5 3.5 2.8
SNR15 3.9 3.7 3.5 4.8 4.0
SNR10 7.2 6.4 5.8 9.3 7.2
SNR5 13.4 16.4 15.3 20.1 16.3
SNRO 35.3 47.5 47.2 43.0 43.3
SNR-5 72.4 80.2 80.9 77.0 77.6

Mean ratio to HTK base = 128. 2% ( -28.2)
Avg. VEER 20-0 SNR = 14.70% ( 85.3)
20-0 rel ative inprovenent on HTK = -20.71%
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Test B

az2-testb: UNKNOMWN (nulti_testhb.result)

VER% N1 N2 N3 N4 avg
CLEAN 2.1 2.0 1.9 1.9 2.0
SNR20 3.0 3.1 3.1 2.6 3.0
SNR15 3.8 4.5 3.8 3.9 4.0
SNR10 7.5 8.7 6.0 7.2 7.3
SNRS 18.1 19.5 16.4 19.4 18.4
SNRO 45.1 49.9 41.6 52.6 47.3
SNR-5 78.9 79.2 76.9 85.2 80.0

Mean ratio to HTK base = 110. 8% ( -10. 8)
Avg. VER 20-0 SNR = 15.98% ( 84.02)
20-0 rel ative inprovenent on HIK = -16.42%
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Test C

a2-testc: UNKNOMN (multi_testc.result)
VER% N1 N2 avg

CLEAN 2.5 2.9 2.7
SNR20 4.9 5.8 5.3
SNR15 6.5 6.8 6.7
SNR10 9.9 11.9 10.9
SNRS 22.6 25.8 24.2
SNRO 58.0 59.4 58.7
SNR-5 82.6 83.5 83.0

Mean ratio to HTK base = 150. 2% ( -50. 2)
Avg. VEER 20-0 SNR = 21.16% ( 78.84)
20-0 rel ative inprovenent on HTK = -30.43%
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Results for the GvM HW system usi ng PLP+del ta->KLT
coefficients with phone | abel s obtained fromthe expansi on

of the word | abel s.
+++++++++H+H

Test A

/ homes/ dr speech/ dat a/ aurora/ src/ htk-scripts/fm _htk rslt.sh on dawn at
Sat Sep 15 19:03:40 EDT 2001 :

a2-testa: UNKNOM (nulti_testa.result)

VER% N1 N2 N3 N4 avg
CLEAN 2.1 2.6 2.1 2.0 2.2
SNR20 3.1 2.8 2.1 3.3 2.8
SNR15 4.0 4.4 3.0 4.7 4.0
SNR10 6.9 8.2 5.5 8.6 7.3
SNRS 14.2 17.7 13.7 18.0 15.9
SNRO 37.2 45.9 42.3 39. 41.3
SNR-5 74.9 80.0 81.3 71.9 77.0

Mean ratio to HIK base = 127. 0% ( -27)
Avg. VEER 20-0 SNR = 14.26% ( 85.74)
20-0 rel ative inprovenent on HTK = -17. 08%
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Test B

a2-testb: UNKNOM (nulti_testh.result)

VER% N1 N2 N3 N4 avg
CLEAN 2.1 2.6 2.1 2.0 2.2
SNR20 4.0 3.5 3.9 4.9 4.1
SNR15 6. 4 5.8 5.1 7.1 6.1
SNR10 10.0 10.2 8.8 10.5 9.9
SNRS 21.3 24.0 18.4 21.4 21.3

SNRO 46.9 53.3 38.4 47.5 46.5
SNR-5 82.2 81.8 74.9 81.1 80.0
Mean ratio to HTK base = 139. 4% ( -39.4)
Avg. VEER 20-0 SNR = 17.57% ( 82.43)
20-0 rel ative inprovenent on HTK = -27.98%

0 L

Test C

az2-testc: UNKNOWN (nulti_testc.result)

WER% N1 N2 avg
CLEAN 2.3 2.4 2.3
SNR20 2.9 3.7 3.3
SNRI5 4.5 4.9 4.7
SNRIO 7.9 9.0 8.5
SNR5 19.1 22.0 20.6
SNRO 48.2 51.8 50.0
SNR-5 81.1 80.6 80.8

Mean ratio to HTK base = 112. 6% ( -12.6)
Avg. VER 20-0 SNR = 17.41% ( 82.59)
20-0 relative inprovenent on HTK = -7.32
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Results for the alternative Tandem System usi ng
PLP+del t a- >KLT coefficients with phone | abels obtained from

t he expansion of the word | abels.
+++++++++H

Test A
/ hones/ dr speech/ dat a/ aurora/ src/ htk-scripts/fnt_htk rslt.sh on dawn at
Sat Sep 15 18:37:06 EDT 2001 :

az2-testa: UNKNOMN (nulti_testa.result)

WER% N1 N2 N3 N4 avg
CLEAN 1.8 2.1 2.1 1.8 1.9
SNR20 2.2 2.8 3.0 3.5 2.9
SNR15 3.8 3.4 4.5 4.7 4.1
SNR10 7.2 6.8 7.4 8.6 7.5
SNR5 12.3 15.4 16.3 19.1 15.8

SNRO 33.7 43.8 48.5 42.4 42.1
SNR-5 70.8 78.5 80.2 76.5 76.5
Mean ratio to HTK base = 130. 2% ( -30.2)
Avg. VEER 20-0 SNR = 14.46% ( 85.54)
20-0 rel ative inprovenent on HTK = -18. 75%
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Test B

az2-testb: UNKNOMWN (nulti_testhb.result)

VER% N1 N2 N3 N4 avg
CLEAN 1.8 2.1 2.1 1.8 1.9
SNR20 2.6 2.9 3.4 2.5 2.9
SNR15 3.4 4.3 4.5 4.7 4.2
SNR10 7.9 8.9 7.7 8.3 8.2
SNRS 18.1 20.4 16.6 20.9 19.0
SNRO 41.9 51.7 38.4 50.6 45.6
SNR-5 75.3 81.3 74.1 83.9 78.6

Mean ratio to HTK base = 114. 0% ( -14)
Avg. WER 20-0 SNR = 15.99% ( 84.01)
20-0 rel ative inprovenent on HIK = -16.43%
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Test C

a2-testc: UNKNOMN (multi_testc.result)

VER% N1 N2 avg
CLEAN 2.3 2.4 2.4
SNR20 2.8 3.3 3.1
SNR15 4.5 4.4 4.4
SNR10 7.8 8.5 8.2
SNR5 17.8 22.1 20.0
SNRO 45.0 55.5 50.2
SNR-5 77.1 82.2 79.6

Mean ratio to HTK base = 108. 7% ( -8.7)
Avg. VEER 20-0 SNR = 17.18% ( 82.82)
20-0 rel ative inmprovenent on HIK = -5.89%
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Results for the GvM HWM system usi ng PLP+delta coefficients
wi th phone | abel s obtained froma hybrid connectioni st

system
o o o o

Test A
/ hones/ dr speech/ dat a/ aurora/ src/ htk-scripts/fnt_htk rslt.sh on dawn at
Sat Sep 15 18:55:14 EDT 2001 :

az2-testa: UNKNOMN (nulti_testa.result)

VWER% N1 N2 N3 N4 avg
CLEAN 1.7 1.8 1.6 1.6 1.7
SNR20 2.5 2.4 1.8 2.8 2.3
SNR15 3.6 3.6 2.5 4.0 3.4
SNR10 6.6 7.1 5.0 8.0 6.7
SNR5 13.7 15.3 12.9 17.8 14.9

SNRO 34.2 44.9 39.5 38.5 39.3
SNR-5 73.3 79.9 80.8 72.9 76.7
Mean ratio to HTK base = 114. 0% ( -14)
Avg. VER 20-0 SNR = 13.33% ( 86.67)
20-0 rel ative inprovenent on HIK = -9.43%
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Test B

az2-testb: UNKNOMWN (nulti_testhb.result)

VWER% N1 N2 N3 N4 avg
CLEAN 1.7 1.8 1.6 1.6 1.7
SNR20 3.5 3.3 3.4 2.6 3.2
SNR15 5.0 4.8 4.7 3.8 4.6
SNR10 9.1 8.2 8.3 8.1 8.4
SNRS 21.1 20.9 18.1 18.9 19.7
SNRO 48.1 46.5 42.4 46.1 45.8
SNR-5 88.5 79.0 81.8 82.1 82.8

Mean ratio to HTK base = 119. 7% ( -19.7)
Avg. WER 20-0 SNR = 16.35% ( 83.65)
20-0 rel ative inprovenent on HIK = -19. 10%
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Test C

a2-testc: UNKNOMN (multi_testc.result)

VER% N1 N2 avg
CLEAN 1.6 1.7 1.7
SNR20 2.8 3.5 3.1
SNR15 4.1 5.3 4.7
SNR10 7.9 9.4 8.6
SNR5 19.5 20.6 20.1
SNRO 47.7 47.4 A47.6
SNR-5 80.7 79.4 80.0

Mean ratio to HTK base = 110. 3% ( -10. 3)
Avg. VEER 20-0 SNR = 16.83% ( 83.17)
20-0 rel ative inprovenment on HTIK = -3.77%

11
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Results for the alternative Tandem System usi ng PLP+delta
coefficients with phone | abel s obtained froma hybrid

connectioni st system
+++++++++H

Test A
/ hones/ dr speech/ dat a/ aurora/ src/ htk-scripts/fnt_htk rslt.sh on dawn at
Sat Sep 15 18:33:27 EDT 2001 :

az2-testa: UNKNOMN (nulti_testa.result)

VER% N1 N2 N3 N4 avg
CLEAN 1.8 2.0 2.3 1.8 2.0
SNR20 2.8 2.5 2.7 3.3 2.9
SNR15 3.9 3.4 3.9 4.8 4.0
SNR10 7.0 6.4 6.1 9.3 7.2
SNR5 13.7 17.3 16.2 18.2 16.3
SNRO 32.8 48.8 50.3 39.5 42.8

SNR-5 69.9 80.4 80.7 74.6 76.4
Mean ratio to HTK base = 128. 9% ( -28.9)
Avg. VEER 20-0 SNR = 14.65% ( 85. 35)

20-0 rel ative inprovenent on HTK = -20.32%
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Test B

az2-testb: UNKNOMWN (nulti_testhb.result)

VWER% N1 N2 N3 N4 avg
CLEAN 1.8 2.0 2.3 1.8 2.0
SNR20 2.9 2.9 3.1 2.6 2.9
SNR1S 3.7 4.1 3.9 4.0 3.9
SNR10 7.2 8.0 6.6 7.7 7.4
SNRS 18.1 19.6 16.6 20.1 18.6
SNRO 45.2 49.8 42.4 53.3 47.7
SNR-5 80.4 80.6 78.1 85.5 81.1

Mean ratio to HTK base = 110. 3% ( -10. 3)
Avg. WER 20-0 SNR = 16.08% ( 83.92)
20-0 rel ative inprovenent on HIK = -17.13%
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Test C

a2-testc: UNKNOMN (multi_testc.result)
VER% N1 N2 avg

CLEAN 2.1 2.6 2.3
SNR20 5.2 5.3 5.2
SNR15 5. 4 6.0 5.7
SNR10 9.3 10.3 9.8
SNRS 20.8 23.4 22.1
SNRO 51.6 56.1 53.8
SNR-5 81.0 83.1 82.0

Mean ratio to HTK base = 137.5% ( -37.5)
Avg. VEER 20-0 SNR = 19.33% ( 80. 67)
20-0 rel ative inprovenent on HTK = -19.19%
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Results for the GvM HW system usi ng PLP+del ta->KLT
coefficients with phone | abel s obtained froma hybrid

connectioni st system
+++++++++H

Test A
/ hones/ dr speech/ dat a/ aurora/ src/ htk-scripts/fnt_htk rslt.sh on dawn at
Sat Sep 15 19:08:54 EDT 2001 :

az2-testa: UNKNOMN (nulti_testa.result)

WER% N1 N2 N3 N4 avg
CLEAN 1.9 2.6 2.1 2.1 2.2
SNR20 2. 4 2.6 1.9 2.6 2.4
SNR15 3.6 4.2 2.6 3.9 3.6
SNR10 6.0 7.2 5.4 7.6 6.6
SNR5 12.3 15.8 13.8 17.6 14.9

SNRO 33.5 43.7 41.6 38.3 39.3
SNR-5 71.6 80.5 81.8 71.1 76.2
Mean ratio to HTK base = 114. 8% ( -14.8)
Avg. VER 20-0 SNR = 13.33% ( 86.67)
20-0 rel ative inprovenent on HIK = -9.47%
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Test B

az2-testb: UNKNOMWN (nulti_testhb.result)

VER% N1 N2 N3 N4 avg
CLEAN 1.9 2.6 2.1 2.1 2.2
SNR20 3.6 3.7 3.1 3.4 3.5
SNR15 5.5 5.3 4.3 5.7 5.2
SNR10O 8.6 9.1 7.3 9.5 8.7
SNRS 19.2 23.6 16.1 19.9 19.7
SNRO 45.0 54.4 37.4 45, 45.6
SNR-5 82.7 84.8 75.8 80.7 81.0

Mean ratio to HTK base = 124. 8% ( -24.8)
Avg. WER 20-0 SNR = 16.52% ( 83.48)
20-0 rel ative inprovenent on HTK = -20.31%
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Test C

a2-testc: UNKNOMN (multi_testc.result)

VER% N1 N2 avg
CLEAN 1.7 2.0 1.8
SNR20 2.5 3.4 3.0
SNR15 3.6 4.1 3.9
SNR10 6.8 9.0 7.9
SNR5 16.8 21.5 19.2
SNRO 45.9 49.9 47.9
SNR-5 82.5 82.0 82.2

Mean ratio to HTK base = 101. 9% ( -1.9)
Avg. VEER 20-0 SNR = 16.36% ( 83. 64)
20-0 rel ative inmprovenent on HTK = -0.88%
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Results for the alternative Tandem System usi ng
PLP+del t a- >KLT coefficients with phone | abels obtained from

a hybrid connectionist system
+++++++++H

Test A
/ hones/ dr speech/ dat a/ auroral/ src/ htk-scripts/fnt_htk rslt.sh on sal non
at Tue Sep 18 10:24:40 EDT 2001 :

az2-testa: UNKNOMN (nulti_testa.result)

VER% N1 N2 N3 N4 avg
CLEAN 1.7 2.2 2.0 1.9 1.9
SNR20 2.2 2.6 2.4 3.6 2.7
SNR15 3.4 3.3 3.3 4.8 3.7
SNR10 5.8 6.5 6.4 8.3 6.8

SNR5 12.5 15.3 15.2 17.3 15.1
SNRO 32.7 43.3 46.4 42.2 41.2
SNR-5 71.4 78.6 80.1 77.4 76.9
Mean ratio to HTK base = 120. 9% ( -20.9)
Avg. VEER 20-0 SNR = 13.88% ( 86.12)
20-0 rel ative inprovenent on HIK = -13.97%

L o O o

Test B

az2-testb: UNKNOMWN (nulti_testhb.result)

VWER% N1 N2 N3 N4 avg
CLEAN 1.7 2.2 2.0 1.9 1.9
SNR20 2.5 3.0 2.7 2.8 2.7
SNR15 3.6 4.2 3.9 4.9 4.2
SNR10O 7. 4 7.7 6.4 9.0 7.6
SNRS 17.0 19.4 14.8 19.6 17.7
SNRO 39.7 48.7 37.0 50.5 44.0
SNR-5 74.8 80.3 74.8 84.1 78.5

Mean ratio to HTK base = 108. 2% ( -8.2)
Avg. VER 20-0 SNR = 15.25% ( 84.75)
20-0 rel ative inprovenent on HIK = -11. 04%

e L B B e 2 L B B s

Test C

a2-testc: UNKNOMN (multi_testc.result)

VER% N1 N2 avg
CLEAN 2.1 2.6 2.4
SNR20 2.8 3.6 3.2
SNR15 3.9 4.6 4.3
SNR10 7.1 8.7 7.9
SNRS 17.2 21.9 19.5
SNRO 44.6 54.3 49.5
SNR-5 78.7 82.3 80.5

Mean ratio to HTK base = 106. 5% ( -6.5)
Avg. VEER 20-0 SNR = 16.87% ( 83.13)
20-0 rel ative inmprovenent on HIK = -3.98%

14



Comparative graphics between the performance of the different Tandem
Systems tested.
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As can be observed from the graphics, the performance of the Standard Tandem System
is several degrees better than the ones of the Alternative Tandem in all its variations.
Since the Standard System is consistently better than the Alternative ones for all the test
cases and for all SNRs, no more graphics comparing the performance between the two
different Tandem Systems are included in this report.

To have a better understanding of the nature of these differences on the performances of

the different Tandem Systems, the confusion matrices and some of the posteriorgrams
generated by the system are also shown.
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Average confusion matrices for all the sets and SNRs 0-20

Standard Tandem System

Alternative Tandem System (A.T.S.) using PLP and deltas features. (HTK labels)
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Average confusion matrices for all the sets and SNRs 0-20

Alternative Tandem System (A.T.S.) using PLP and deltas features - KLT. (HTK labels)

Alternative Tandem System (A.T.S.) using PLP and deltas features. (nn labels)
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Average confusion matrices for all the sets and SNRs 0-20

Alternative Tandem System (A.T.S.) using PLP and deltas features - KLT. (nn labels)

The vertical labels represent the correct input phone and the horizontal labels represent
the output label. The last row, represents the number of insertions present in the output.
The last column represents the number of deleted words not present in the output.

For al the systems, deletions are a big source of error, however this problem is less
evident for the Standard System, this may be the main reason for the differences on the
performances between the systems. Also for al systems the word “oh” is consistently
inserted and the word “five” is consistently mistanken for the word ”nine”.

Confirming the information provided by the performance graphics presented above, the
confusion matrices that correspond to the systems trained with the nn labels show less
errors. As | mentioned before, the practical difference introduced by the use of different
labels is given in the words that have alternative phonetic pronuntiations. Those words
are: “seven”, “eigth”, “oh” and “four”. Specially for the cases of the former two, where
the entropy of the alternate phonetic pronuntiation is high, the systems trained with the nn

labels have a less “confussed” pattern.

Apparently the main difference in the behavior between the Standard System and the
Alternate onesis given by the number of deletions introduced in the Alternative Systems,
to have a better understanding and a possible explanation of why this happens, some of
the pogeriorgrams (plots of the posterior probabilities generated by the Posterior
Probabilities Estimation modules) produced by the systems are analyzed.
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Reference and Posteriorgramsfor the first utterance used.

Reference Phone Labels used for the training of the Systems* (nn labels) for utterance one.

Posteriorgram from Standard System for utterance one.
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Posteriorgramsfor thefirst utterance.

Posteriorgram from A.T.S. using using PLP and deltas features (htk labels) for utterance one.

Posteriorgram from A.T.S. using using PLP and deltas features-KLT (htk |abels) for utterance one.
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Posteriorgramsfor thefirst utterance.

Posteriorgram from A.T.S. using using PLP and deltas features (nn labels) for utterance one.

Posteriorgram from A.T.S. using using PLP and deltas features-KLT (nn labels) for utterance one.
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Reference and Posteriorgramsfor the fourth utterance used.

Reference Phone Labels used for the training of the Systems* (nn labels) for utterance four.

Posteriorgram from Standard System for utterance two.
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Posteriorgrams for the fourth utterance used.

Posteriorgram from A.T.S. using using PLP and deltas features (htk labels) for utterance four.

Posteriorgram from A.T.S. using using PLP and deltas features-KLT (htk |abels) for utterance four.
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Posteriorgrams for the fourth utterance used.

Posteriorgram from A.T.S. using using PLP and deltas features (nn labels) for utterance four

Posteriorgram from A.T.S. using using PLP and deltas features-KL T (nn labels) for utterance four.
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Observations

The references presented above are the phone labels obtained from a hybrid
connectionist-HMM system(nn labels). They are marked by frame. These labels are used
to train the neural network for the Standard Tandem system and to train the GMM/HMM
system used to obtain the Guassian mixture models to be used in the posterior
probabilities estimation modules of the last two variations of the Alternative Tandem
System, but there the labels are used without the frame index.

The posteriorgrams consist in a graphic that portrays the values of the phones' posterior
probabilities given a particular frame (index). In theory at any given frame the posterior
that corresponds to the phone spoken in that frame should be the one with the highest
value( darker).

The two utterances (first and fourth) analyzed in the posteriorgrams are : “eigth two nine’
and “six”, correspondently.

Eventhough the htk labels include all the possible alternative phonetic pronuntiation, the
HTK framework does not have a way to determine which particular phonetic
pronuntiation is being used in a particular moment. The nn labels in other hand does have
that information. The practical effects of the use of the different labels can be observed in
the first utterance, which includes a word (eight) with several alternate phonetic
pronuntiations. In this case the phonetic pronuntiation used is. eight = /g/ /ey/ /tcl/. As
can be observed in the reference image. The probability of this pronuntiation to be used is
.05. The most probable pronuntiation for the word “eigth” is/ey/ /tcl/ t/.

As can be observed in the posteriorgrams, the Standard Tandem System and the
Alternative Tandem Systems that were trained with the nn labels have such values that
the phone sequence /q/ /ey/ /tcl/ may be decoded, while the Alternate Tandem System
trained with the HTK labels, which have preference for the most probable pronuntiation,
have such values that the phone sequence /ey/ /tcl/ /t/ may be decoded. No matter the
labels used, for this instance the system would most probable decode an “eigth”.

There is another important thing to mention from the observation of this posteriorgrams.
Using the posteriorgrams for utterance 1 as a reference, from frame 60 to frame 100
specifically, the phone sequence /t/ /uw/ /iyl In/ Iyl can easily be inferred from the
posteriorgram produced by the Standard System, (note that it does not necessarily follow
the nn label sequence). In other hand, any phone sequence can clearly be inferred from
the posteriorgrams produced by any of the Alternative Systems.

Same situation applies for the whole posteriorgrams for utterance four, for the Standard
System a phone sequence can be easily inferred, (this time the correct one). While for the
Alternative Tandem Systems a clear sequence of phones is difficult to find (other than the
silence states at the beginning and at the end).
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Conclusions

The posteriorgrams obtained from the posterior probabilities estimator modules of the
Tandem Systems are used as the speech features of a conventional HMM/GMM system.

In theory, features are representations of the acoustic information; which are intended to
be good a separating different classes of speech sounds and effective at suppressing
irrelevant sources of variation.

In theory, classifiers find, learn and represent patterns between the input features that
would better represent the different classes in the system.

When the set of posterior probabilities (features) for a given frame have a clear highest
value, the features are intrinsically separating the class of the input sound, but when there
is not a clear highest posterior probabilitiy the features are failing to discriminate among
the different classes of speech sounds.

When a classifier cannot match an input feature with any of the learned patterns, it
classifies the input as “noise” or “unknown” data. One of the reason for this to happen is
when the feature set is corrupted or does not represent correctly the input speech
sound.(or one of its know classes)

So, for these particular systems, a not well defined highest posterior probability value for
a particular frame(s) would tend to confuse the classifier and force it to output an
“unknown input” label, that for this particular case is represented as a deletion in the final
transcription. Then since the posterior probabilities from the Alternative Tandem Systems
tend to have a highest entropy for a particular frame (not a clear highest value) the system
is more likely to delete words in the final transcription.

The difference in the entropy between the posteriors obtained from the neural network
and those obtained from the Gaussian Neural Networks is not fortuitous.

The Neural Network is trained discriminatively, meaning that while learning, it changes
its weigths in such a way that the correct posterior probability is increased while the
incorrect ones are decreased. This assures, in theory, to have a highest posterior
probability value for each one of the frames.

In other hand, the Gaussian Mixture Models, learn its parameters by maximazing the
likelihood of the correct phone class, but without assuring the minimization of the
incorrect ones. A second factor that may have some consideration is the way in which the
likelihoods are obtained from the Gaussian Mixture Models, since we are just summing
the partial likelihoods obtained from each one of the states and mixtures represented in
each model without taking in consideration the dynamic behavior, described by the
transition matrix.

So the main conclusion of these experiment is that the Standard Tandem System
performs better because it uses a discriminant way to estimate the posterior probabilities.
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