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1 Introdu tion
Automati

Spee h Re ognition (ASR) is a key topi

of spee h te hnology, where

the goal is to trans ribe an audio re ording (an utteran e) in an automati

way.

For de ades the traditional ASR systems used Hidden Markov Models (HMM) with
Gaussian Mixture Models (GMM) and, until very re ently, these HMM/GMM models
represented the state-of-the-art te hnology in ASR. Nowadays, with the advent of
Deep Neural Networks (DNN) the original HMM/GMM models have been repla ed by
the new HMM/DNN hybrids (shown in Figure 1) [1℄. DNNs are a new type of Arti ial
Neural Networks, whi h dier in one important aspe t from the previous ones, namely
that they have many hidden layers. The addition of extra hidden layers

reates several

problems that make the training of these networks hard. So besides adding new hidden
layers, other modi ations are also needed, like

hanging the a tivation fun tion of

the neurons or the learning algorithm itself.

Figure 1: The standard workow of a HMM/DNN-based ASR system.

The new HMM/DNN hybrids are now routinely used in state-of-the-art ASR systems, but they inherited many of the algorithms from their prede essors (the standard
HMM/GMM systems). However, the optimality of these algorithms is not guaranteed
with the new models. In this dissertation we des ribe how we modied some of these
earlier methods in spee h re ognition, so that they better suit the new DNN-based
a ousti

models. Our main goal is to

HMM/DNN a ousti

reate new solutions that allow the training of

models without relying on GMMs during the training pro ess.

To a hieve the GMM-free training of a HMM/DNN hybrid, we have to solve two key
problems, namely the initial alignment of the frame-level state labels and the
of

reation

ontext-dependent (CD) states.
The methods proposed here will be evaluated using various English and Hungarian

orpora, but for the sake of
pus [2℄ will be used in all

ontinuity, the Szeged Hungarian Broad ast News Cor-

hapters as a large vo abulary

(LVCSR) task.

1

ontinuous spee h re ognition

2 A Comparison of Deep Neural Network Training Methods for Large Vo abulary Continuous
Spee h Re ognition
The se ond
algorithms.

hapter fo uses on

The rst one is the original algorithm proposed by Hinton et al.

(DBN ), and the se ond one is
al.

[4℄.

omparing the performan e of four DNN training
[3℄

alled dis riminative pre-training (DPT ) by Seide et

Both of these methods apply a pre-training phase before they netune the

DNN. Deep Re tier Network [5℄ (RECT ), our third approa h, diers greatly from
the previous two in the sense that it modies the a tivation of the hidden neurons
instead of the training pro ess.
a regularisation method

The fourth training algorithm that we examined is

alled Dropout [6℄, whi h simply turns o neurons during

training. The Dropout method was applied with standard sigmoid networks (SigmoidDO ) and with re tied ones as well (RECT-DO ).

20
DBN
DPT
RECT
Sigmoid-DO
RECT-DO
Sigmoid-BP

Word error rate (WER)

19.5
19
18.5
18
17.5
17
16.5
16
1

2

3

4

5

Number of hidden layers
Figure 2: Word error rates for the broad ast news

orpus as a fun tion of the number

of hidden layers.

In our experiments, we

ompared the re ognition a

on the Szeged Hungarian Broad ast News Corpus.
rates (WER) got by using dierent methods.

As

ura ies of these methods

Figure 2 shows the word error
an be seen, the four algorithms

yielded quite similar re ognition results, but re tier networks a hieved better a
s ores and their training was

ura y

onsiderably faster. Based on these ndings, in my later

experiments deep re tier networks be ame the preferred
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hoi e.

Database

Method
CTC + DRN
Monostate (39)

MMI + DRN
Hand-labeled
For ed Alignment
CTC + DRN

TIMIT [7℄

Monostate (61)

MMI + DRN
Hand-labeled
For ed Alignment
CTC + DRN

Tristate (183)

MMI + DRN
Hand-labeled
For ed Alignment
CTC + DRN

Monostate (52)

MMI + DRN
For ed Alignment

Audiobook [8℄

CTC + DRN
Tristate (156)

MMI + DRN
For ed Alignment
CTC + DRN

Monostate (52)

MMI + DRN
For ed Alignment

Broad asts [2℄

CTC + DRN
Tristate (156)

MMI + DRN
For ed Alignment

Dev. set

Test set

26.69

%
27.70%
27.26%
27.10%
26.07%
25.16%
26.42%
25.92%
23.20%
20.32%
22.75%
22.78%

28.60%
30.94%
29.35%
28.92%
27.34%
27.89%
27.94%
27.55%
24.41%
22.76%
24.7%
24.48%

17.85%
16.95%
17.76%
12.58%
10.08%
12.53%

16.55%
16.12%
16.98%
11.67%
9.67%
11.96%

25.96%
35.66%
25.82%
21.62%
20.74%
22.13%

25.58

%
65.26%
25.64%
21.23%
20.42%
21.74%

Table 1: The phoneme error rates got for the dierent DRN training methods.

3 Sequen e Training Methods for Deep Re tier
Neural Networks in Spee h Re ognition
After determining our preferred

hoi e of DNN, we turned our attention to the task

of at start training, whi h is the rst step of training a spee h re ognition system.
The goal of at start is to

reate time-aligned

database. Our aim here was the

ontext independent labels for the

omparison of two sequen e training approa hes that

ould be used to train randomly initialised DNNs without having for e-aligned labels.
The rst one was the Conne tionist Temporal Classi ation (CTC) [9℄ and the se ond
one was the Maximum Mutual Information (MMI) method [10℄. Both of them were
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used to train Deep Re tier Networks (DRNs).

We proposed several modi ations

to the standard MMI method, whi h were essential to make it suitable for the at
start pro ess. The key modi ations that we propose in order to make MMI training
suitable for DNN at start are:
1. The frame-level phoneti

targets are determined by a forward-ba kward sear h.

2. We employ only phoneme-level trans ripts and CI phoneme states.
3. We do not apply state priors or language model.
4. The denominator is estimated by just using the most probable de oded path.
5. We measure the error on a hold-out set; when it in reases after a training
iteration, we restore the parameters of the network and de rease the learning
rate.
In the experimental part, we evaluated the two methods on several phone re ognition tasks, Table 1 shows the results we got. For all the databases we tested, we
found that the sequen e training methods gave better results that those obtained with
for e-aligned training labels produ ed by an HMM/GMM system. From the experimental results, it was also

lear that the MMI-based approa h using tri-state models

gave better results than the CTC-based one. Furthermore, DRNs trained with CTC
ould not produ e for ed-aligned labels. Based on these ndings, we

on luded that

MMI was the better algorithm for at start training.

4 A GMM Free Training Method for Deep Neural
Networks
Next, we modied the standard state-tying algorithm with the goal of getting rid of
its GMM dependen y. The

ontext-dependent states used to train DNNs are usually

obtained using the standard tying algorithm, even though it is based on likelihoods of
Gaussians, hen e it is more appropriate for HMM/GMMs. Re ently, however, several
new renements have been published whi h seek to adapt the state tying algorithm to
the HMM/DNN hybrid ar hite ture.
Some of the new methods

hange only the input of the

lustering algorithm, by

feeding the output or the a tivations of the neurons in the last hidden layer to the
lustering method while the whole state tying algorithm remains inta t [11, 12, 13, 14℄
. Other studies proposed novel de ision

riteria as well for the

lustering method, whi h

better suit the new input provided by a DNN[15, 16℄.
In an arti le [15℄, we proposed a KL-divergen e-based approa h. We evaluated it
along with three other state-tying methods on the same LVCSR tasks, and
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ompared

their performan e under the same

ir umstan es. We

ombined them with our MMI-

based at start method, and showed that the whole training pro edure of
dependent HMM/DNNs

ontext-

an be performed without using GMMs.

Dev.

Test

Iterative CE

28.63%

20.47%

MMI

15.78%

10.07%

MMI+CE

15.43%

9.64%

Method

Table 2: WERs got by using dierent CI at start methods on the WSJ.

To test our algorithms the 81-hour long Wall Street Journal (WSJ) English read
spee h

orpus [17℄ (spe i ally the

and widely used

si-284

set) was

orpus. The experimental results

hosen as it is a well-known

onrmed that the MMI based at

start approa h is far better than the pro edure of iterative CE DNN training and realignment (see Table 2). Furthermore, as
the de ision

riterion used during state

Flat start strategy

Iterative CE

an be seen in Table 3, the repla ement of

lustering is also bene ial for DNN training.

Clustering method

Development

Test

MFCC + Likelihood

11.02%

8.20%

DNN + Likelihood

11.48%

7.64%

DNN (hidden) + Likelihood

11.05%

7.81%

Kullba k-Leibler

10.47%

7.27%

Entropy

10.24%

7.27%

8.58%

6.13%

8.7%

6.47%

DNN (hidden) + Likelihood

8.85%

6.04%

Kullba k-Leibler

8.06%

5.72%

Entropy

8.03%

5.92%

MFCC + Likelihood

8.79%

5.97%

DNN + Likelihood

9.14%

6.45%

DNN (hidden) + Likelihood

9.43%

6.77%

8.5%

6.15%

8.09%

6.20%

MFCC + Likelihood
DNN + Likelihood
MMI

MMI + CE

Kullba k-Leibler
Entropy

Table 3: WER values obtained on the development and test sets, got by using the
dierent at-start and CD state tying methods.
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Lastly, we examined our best Hungarian HMM/DNN system to see what type
of errors are most

ommon.

ontext, then we manually
new metri

For this, we

olle ted the word errors and their lo al

ategorised and analysed them. Our

is needed to measure the a

on lusion was that a

ura y of Hungarian ASR systems, sin e the

urrent one (WER) treats some errors more seriously than human readers do.

5 Training Context-Dependent DNN A ousti
Models using Probabilisti Sampling
Next, we turned our attention to the CD training phase of the ASR system. In the
urrent HMM/DNN spee h re ognition systems, the purpose of the DNN

omponent

is to estimate the posterior probabilities of tied triphone states. It is well-known that
the distribution of the CD states is uneven, meaning that we have a markedly dierent
number of training samples for the various states. This imbalan e in the training data
is a sour e of suboptimality for most ma hine learning algorithms, and DNNs are no
ex eption to this.
Here, we experimented with the so- alled probabilisti

sampling method [18℄ that

applies downsampling and upsampling at the same time, to improve the a
CD a ousti

models.

This re-sampling method denes a new

the training data, whi h is a linear
distributions, and the

λ parameter

ura y of

lass distribution for

ombination of the original and the uniform

lass

determines the weights of the two distributions. As

an extension to previous studies [18, 19℄, we also proposed a new method to re-estimate
the

lass priors, whi h is required to remedy the mismat h between the training and

the test data distributions introdu ed by re-sampling.
Figure 3 shows the results we got with probabilisti

sampling on the TED-LIUM

orpus. Clearly, dividing the DNN outputs by the original priors gives worse results as

λ

in reases, and we found that small

λ

values (here 0.4) work best. Additionally, with

the use of the adjusted priors, the models be ame more robust. Using the modied
probabilisti

sampling algorithm we a hieved relative word error rate redu tions of

5% and 6% on two fair-sized

orpora (TED-LIUM [20℄ and AMI [21℄).

showed that this re-sampling method
the previous

We also

an improve our GMM-free system outlined in

hapter. Our experimental results strongly suggest that the re-estimation

of the priors is essential to handle the mismat h between the training and the test
data distributions introdu ed by the re-sampling step. These adjusted priors made the
re-sampling method more robust, and the re ognition results varied only slightly as the
lass distribution was shifted with a bigger

λ

value, towards a uniform distribution.

We also managed to apply DRNs, trained with probabilisti
paralinguisti s tasks su

sampling, on several

essfully, and these tasks were part of the Computational Par-

alinguisti s ChallengE (ComParE) series. The main goal in paralinguisti s is to extra t
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Figure 3: Word error rates got for the test set of the TED-LIUM
bilisti

orpus using proba-

sampling.

and identify phenomena present in the audio signal other than the words uttered. In
2014, we

reated a system to dete t the intensity of

ognitive and physi al load of the

speaker [22℄. Later, we examined the possibility of dete ting de eit from spee h [23℄.
Last year, we won the Cold Challenge, where our system had to separate healthy
speakers from those who had a

old [24℄.

6 Con lusions and future dire tions
In this thesis, we su
a ousti

essfully adapted the standard methods of the old HMM/GMM

models to better suit the new HMM/DNN hybrid. We revised both the initial

training phase (at start) and the CD state-tying phase, and introdu ed new stri tly
DNN-based solutions to these problems. By

ombining these methods, we

reated a

new training pipeline that does not depend on GMMs at all. We also demonstrated
that the nal training phase

ould be improved by employing a simple re-sampling

method. On the Szeged Hungarian Broad ast News

orpus, a traditional HMM/GMM

gave a WER of 20.07%, the best DNN that still relies on GMMs produ ed a WER of
only 16.59%; while our best GMM-free system managed to a hieve a WER of 15.79%.
Naturally, many experiments have been left for the future, mainly due to la k of
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time or be ause they lay outside the s ope of the present study.

The following list

presents some of the possible future resear h dire tions.

•

Firstly, we should

onsider applying a new DNN type, namely the Convolutional

Neural Network (CNN), sin e it has provided impressive results both in image
pro essing and spee h re ognition.

•

To further extend the results of this resear h work, it would be worth examining
other sequen e learning methods su h as minimum phone error (MPE) or statelevel minimum Bayes risk (sMBR), and adapt them so they are suitable for at
start training.

•

It is worth investigating what would happen if we had more CD

lusters in our

GMM-free systems. The hypothesis here is that with more states we should get
better results, of

•

ourse, at the

ost of in reased training and evaluation times.

It would be interesting to learn how the CD DNNs trained with probabilisti
sampling perform after a nal sequen e dis riminative training phase, whi h is
nowadays a

ommon pra ti e.

7 Key points of the Thesis
[2℄
I

[25℄

[26℄

[27℄

[28℄

[22℄

[23℄

[24℄

•

•

•

•

•

II/1

•

II/2

•

•

III/1
III/2

[15℄

•
•

•

•

IV

Table 4: Corresponden e between the thesis points and the publi ations.

In the following we list the key results of the dissertation. Above, Table 4. summarizes
the relation between the theses and the
I. The author

orresponding publi ations.

ompared the performan e of four deep learning methods empiri ally;

two of these methods were pre-training algorithms, the third one applied the
re tier a tivation fun tion and the fourth was a regularisation te hnique
Dropout.

The experiments were also

alled

arried out using a Hungarian spee h

orpus, and this study was among the rst to apply a HMM/DNN system to
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Hungarian spee h re ognition. The results indi ated that the new HMM/DNN
systems

an outperform the traditional HMM/GMM system signi antly. The

on lusion of the experiments was that, although the four algorithms yielded
quite similar re ognition performan es, re tier networks

onsistently produ ed

the best results.
II/1. The CTC algorithm was originally proposed for the training of re urrent neural
networks, but here the author showed that it
tional feed-forward networks. Using several

an also be used to train

onven-

orpora, deep re tier networks were

trained with the CTC method, in order to determine whether this approa h was
suitable for the at start training phase. The results told us that CTC

an be

used to train randomly initialised networks without time-aligned labels.
II/2. As a

ompetitor, the MMI-based training algorithm was also examined.

The

author proposed several modi ations to the standard MMI, to make it suitable for the task (at start training). The experimental results indi ated that
the modied MMI is a far superior alternative to CTC, for training randomly
initialised networks without time-aligned labels.
III/1. The author
ision

reated a new DNN-based state-tying method by

riterion used by the standard algorithm during the

hanging the de-

lustering step. Sin e

this new state tying method uses posterior probability ve tors produ ed by DNNs
as input, KL-divergen e seemed a logi al

hoi e for de ision

riterion. The ex-

perimental results also supported this view, as the new method markedly outperformed the original one.
III/2. By ombining the MMI-based at start training algorithm with the KL-divergen ebased

lustering method, the author built an ASR system that did not rely on

GMMs. He

ompared this GMM-free solution with other re ently proposed al-

ternatives, and found that it was

ompetitive with the other approa hes used.

Furthermore, the results demonstrated empiri ally that the GMM-free systems
were

apable of produ ing better results than those that relied on GMMs.

IV. The author examined the probabilisti
DNNs.

sampling method for the training of CD

He hypothesised that when the training data is re-sampled, the prior

probability values need to be re-estimated. He justied this experimentally, and
showed that re-sampling with adjusted priors greatly improves the performan e
of CD DNNs. This re-sampling algorithm was also applied with great su
several paralinguisti

tasks.
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