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Abstract

In der automatischen Spracherkennung, wie dem
maschinellen Lernen allgemein, werden die Strukturen
der zugehorigen stochastischen Modellierung heute mehr
und mehr auf unterschiedliche Formen kiinstlicher neu-
ronaler Netze umgestellt. Dieser Erneuerungsprozess,
der schon vor nahezu 30 Jahren begann, fiihrte in den
vergangenen 10 Jahren zu erheblichen Verbesserungen
in der Erkennungsgenauigkeit. Sowohl in der akustis-
chen Modellierung von Sprache, als auch der a-priori
Modellierung von Sprache auf der Textebene markieren
kiinstliche neuronale Netze heute den Stand der Tech-
nik in der Spracherkennung fir grofles Vokabular, und
weitere Verbesserungen werden erwartet. Diese Ar-
beit gibt einen Uberblick iiber den aktuellen Stand der
Forschung im Bereich der auf kiinstlichen neuronalen
Netzen basierenden Modellierung von Systemen zur au-
tomatischen Spracherkennung. Dies beinhaltet Diskus-
sionen zu den folgenden Themen: neuronale Netzwerk-
topologien und Zelltypen, Training und Optimierung,
Auswahl der Eingabemerkmale, Adaption und Normal-
isierung, Multifunktionstraining, sowie neuronale Net-
zmodellierung statistischer Sprachmodelle. Ungeachtet
der deutlichen Fortschritte in der Spracherkennung mit-
tels neuronaler Netze, bleiben jedoch weiterhin viele of-
fene Fragen zu klaren, bevor eine vollstdndig konstis-
tente und eigenstiandige Modellierung durch neuronale
Netze in der Spracherkennung erreicht wird. Diese Ar-
beit schliesst mit einer Diskussion offener Probleme sowie
potentieller zukiinftiger Forschungsrichtungen, insbeson-
dere bzgl. der Integration neuronaler Netze in den
Entscheidungsprozess der automatischen Spracherken-
nung. Diese Arbeit ist eine Uberarbeitung eines auf der
SPECOM 2016 prisentierten Ubersichtsartikels [Schliiter
& Doetsch™ 2016].

In automatic speech recognition (ASR), as in general in
the area of machine learning, the structures of the corre-
sponding stochastic modeling more and more are chang-
ing to various forms of neural networks. This process of
renewal that started about 30 years ago, lead to consider-
able improvements in recognition performance in the past
10 years. Both in acoustic modeling of speech, as well as
the a priori language modeling on textual level, artifi-
cial neural network based modeling now marks the state-
of-the-art for large vocabulary continuous speech recog-
nition, and further improvements are to be expected.
This work gives an overview of current research activities
in neural network based modeling for automatic speech
recognition systems. This includes discussions of net-
work topologies and cell types, training and optimization,
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choice of input features, adaptation and normalization,
multitask training, as well as neural network based sta-
tistical language modeling. Despite the clear progress
obtained with neural network modeling in speech recog-
nition, many questions remain to be investigated, yet
to obtain a consistent and self-contained neural network
based modeling approach that ties in with the former
state-of-the-art. We will conclude by a discussion of open
problems as well as potential future directions, especially
w.r.t. to the integration of neural networks into auto-
matic speech recognition decision process. This work is a
revised version of a review article presented at SPECOM
2016 [Schliiter & Doetscht 2016].

1. Introduction: Neural Networks in ASR

Even though artificial neural networks (ANN) have been
known for long, their application to automatic speech
recognition (ASR) remained a limited area of research for
quite some time. An efficient learning algorithm for the
free parameters of neural networks by error backpropaga-
tion was introduced in [Rumelhart & Hinton™ 1986]. A
few years later, neural networks with a single (non-linear)
hidden layer have been shown to have the universal ap-
proximator property, meaning that, similar to Gaussian
mixture models, they are capable of approximating any
continuous function to any level of accuracy [Hornik &
Stinchcombe™ 1989]. In [Lippmann 1989], an overview of
early approaches to automatic speech recognition using
neural network based modeling is given. Notable trends
at that time include the time-delay neural network ap-
proach [Waibel & Hanazawa™ 1989], the softmax oper-
ation for probability normalization on the output layer
of neural networks [Bridle 1989], and the introduction of
the hybrid concept to hidden Markov models (HMM) by
interpreting neural network outputs as class posteriors
(in the context of the squared error criterion), and using
them to model HMM emission probabilities [Bourlard &
Wellekens 1989]. Finally, first results which were compet-
itive to standard Gaussian mixture HMMs on the Wall
Street Journal task were presented using a recurrent neu-
ral network [Robinson & Hochberg™ 1994]. Nevertheless,
only with the new millennium, approaches including neu-
ral network modeling started to outperform the former
state-of-the-art. Nowadays, ANN-based ASR systems
show considerable improvements of 30% and more rel-
ative in word error rate (WER) over Gaussian mixture
based HMMs, e.g. [Seide & Lit 2011b]. On specific tasks,
ANN-based ASR system even are reported to perform at
near-human performance [Saon & Kurata®™ 2017, Xiong
& Wut 2017].
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Figure 1: General architecture of a statistical speech
recognition system.

In this work, we provide an overview of recent develop-
ments and results obtained using ANNs of various fla-
vors in both acoustic and language modeling. In Sec. 2,
general approaches to ANN-based acoustic modeling are
compared. Sec. 3 presents network topologies and cell
types, followed by a discussion of corresponding training
criteria in Sec. 4, regularization methods in Sec. 5, and
corresponding optimization methods in Sec. 6. Sec. 7
gives an overview of ANN-based language modeling. In
Sec. 8, input features for ANN-based ASR and ANN-
based learning of the corresponding signal processing are
discussed. Sec. 9 shows how multitask learning intro-
duces generalization across multiple languages. Sec. 10,
discusses current approaches to adaptation and normal-
ization for ANN-based ASR. Finally, Sec. 11 discusses
recent developments especially in decoding using neural
network based modeling, followed by general conclusions
in Sec. 12.

2. Neural Networks in Acoustic Modeling

The introduction of neural networks to acoustic modeling
can be divided into the hybrid, and the tandem approach.
In the hybrid approach [Bourlard & Wellekens 1989,
Bourlard & Morgan 1993], HMM emission probabilities
are modelled explicitely using (appropriately renormal-
ized) neural networks representing phoneme class pos-
teriors, thus dropping the need for Gaussian mixture
models (GMM). In [Robinson & Hochberg™ 1994], an
early success was obtained on the Wall Street Journal
task using recurrent neural networks within the hybrid
approach. Nevertheless, GMMs still remained the preva-
lent acoustic modeling scheme for large vocabulary con-
tinuous speech recognition for at least a decade. Mean-
while, the tandem approach was proposed [Hermansky
& Ellis™ 2000], where the frame-wise phoneme classi-
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Figure 2: Architecture of a statistical speech recognition
system including a neural network based feature trans-
formation[Hermansky & Ellist 2000, Grézl & Karafidt™
2007, Fontaine & Ris™].

fier neural network output is post-processed and used as
(additional) input feature to a conventional GMM-based
recognition system as indicated in Fig. 2. A powerful ex-
tension to the tandem approach was suggested in [Grézl
& Karafiat™ 2007], where the output of one of the hid-
den layers rather than the output layer is used. Since
the size of hidden layers is not constrained, this leaves
more freedom to choose its size, position among the lay-
ers, and activation function for feature extraction. Due
to the usually reduced layer size, this discriminatively
learned representation of input data is termed bottleneck
features.

Universally considered a breakthrough for hybrid mod-
eling, the authors in [Seide & Li* 2011b] presented very
good results on the widely used conversational telephone
speech recognition task Switchboard, beating a strong
speaker adapted and discriminatively trained GMM base-
line. The key to their success was twofold: first, a large
number of context-dependent phoneme state targets, in-
stead of monophone targets was modelled. Second, deep
neural networks (DNN) with a number of large hidden
layers were employed. The authors were also among
the first groups to transfer training of large models to a
graphics processing unit (GPU), that offers a great speed-
up over CPUs on matrix operations. Both tandem and
hybrid approaches have been shown to outperform stan-
dard GMM baselines trained on cepstral features [Tiiske
& Sundermeyer™ 2012]. In principle, both methods can
be considered a deep stack of non-linear models trained to
optimize different objective functions following different
schemes for parameter updates [Tiiske & Tahir™ 2015].
From an even more general point of view, both models
consist of a classifier and some representation learning



mechanism, although there is no explicit distinction of
the two. In [Tiiske & Michel™ 2017], both approaches are
compared on the Switchboard part of the Hub5’00 test
corpus. A hybrid LSTM-RNN model achieved a word
error rate (WER) of 10.8%, while a comparable tandem
system yielded 10.9% WER. However, current state-of-
the-art ASR systems [Saon & Kurata™ 2017, Xiong &
Wut 2017] mainly concentrate on hybrid modeling, pre-
sumably for its more direct acoustic modeling.

3. Neural Network Topologies

The network topology has a major influence on per-
formance. This includes optimization of the number
of hidden layers, their size, the choice of activation
functions, the cell types, the connectivity between the
layers. Recently, a variety of novel activation func-
tions have been suggested in the literature, including
Maxout [Goodfellow & Warde-Farley™ 2013], Exponen-
tial Linear Unit [Clevert & Unterthiner™ 2016], and many
modifications. Of these, the piece-wise linear function
rectified linear unit (ReLU) [Nair & Hinton 2010] turned
out to be very effective. Although unbounded, the ReL.LU
does not violate the universal approximator property of
the networks [Sonoda & Murata 2016]. ReLU networks
allow to train very deep models even for hard optimiza-
tion problems, as shown e.g. in [Tiiske & Golik™ 2014b]
and [Golik & Tiiske™ 2015a]. Bottleneck layers are not
only useful for the tandem approach, but also in a hy-
brid scenario, allowing to reduce the number of train-
able parameters, increasing the processing speed and the
generalization ability of the acoustic models [Wiesler &
Richard™ 2014]. Hierarchical stacking of multiple neu-
ral networks [Valente & Vepa™ 2007] provides another
choice in network design that has been shown to provide
further gains in performance [Tiiske & Schliiter™ 2013].
Convolutional neural networks (CNNs) provide another
design choice, where a layer with local connectivity shares
the weights of its receptive field across the positions in
the input, to support learning of more robust position-
independent features [LeCun & Boser™ 1990]. This
concept was applied to speech recognition by defining
the convolution layer over a spectrogram, approximated
by critical band energies [Abdel-Hamid & Mohamed™
2012]. Very deep convolutional topologies like the so-
called residual network architectures, and the layer-wise
context expansion with attention (LACE) both were re-
ported to perform almost as well as recurrent network
structures in [Xiong & Wu™ 2017]. In [Golik & Tiiske™
2015a], convolution in time was used even to jointly learn
feature extraction and acoustic model on raw waveform
input. Highway networks [Srivastava & Grefft 2015] pro-
vide a way to improve information flow across layers and
enables training of even deeper networks. Highway net-
works also were combined with recurrent neural networks
in [Zhang & Chen™t 2015]. Recurrent neural networks
(RNNs) provide another powerful extension of the topol-
ogy by introducing recurrent connections. Here, hidden
layers perform a time-dependent operation taking its own
output at the previous time step as input in addition
to the output from the previous hidden layer. Opti-
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mization of RNNs requires backpropagation through time
(BPTT), which is known to have the exploding/vanishing
gradient effect [Hochreiter & Bengio™ 2001]. Various ap-
proaches were suggested to overcome this problem, like
gradient clipping [Pascanu & Mikolov™ 2012], or second-
order optimization methods [Wiesler & Li* 2013, Wiesler
& Richard™ 2014]. However, the most prominent vari-
ant is to modify the recurrent model itself, which led
to the long short-term memory (LSTM) [Hochreiter &
Schmidhuber 1997] model which allows for better gradi-
ent flow via gating units. Further analyses and variants of
LSTMs are presented in [Chung & Giilgehre™ 2014, Joze-
fowicz & Zaremba™ 2015, Greff & Srivastava®™ 2015] and
[Breuel 2015]. Recently, LSTMs were shown to clearly
outperform feed-forward acoustic models [Sak & Senior™
2014, Geiger & Zhang™ 2014], and can also be stacked
to form deep LSTM networks [Graves & Mohamed™
2013]. Also, bidirectional LSTMs were shown to out-
perform unidirectional LSTMs [Graves & Schmidhuber
2005]. Bidirectional LSTMs can also be used in online
recognition setups [Zeyer & Schliiter™ 2016]. In recent
work [Zeyer & Doetsch™ 2017], based on a fast LSTM
implementation [Doetsch & Zeyer™ 2017], we observed
an improvement from 15.3% WER for an highly opti-
mized DNN to 13.1% WER using LSTM modeling on a
50h subset of the English Quaero task. Similarly, on the
larger Switchboard task, in [Tiske & Michel™ 2017] we
observed an improvement from 12.3% WER using feed-
foward DNN based acoustic models to 10.8% WER using
recurrent LSTM acoustic models.

4. Training Criteria

Early approaches to neural network acoustic model train-
ing applied the squared error criterion [Bourlard &
Wellekens 1989]. Nevertheless, the common approach
is to minimize frame-level cross entropy over a train-
ing set. The cross entropy criterion was shown to be
more robust to poor initialization, than the squared er-
ror criterion [Golik & Doetscht 2013]. The training crite-
rion in connectionist temporal classification (CTC) over-
comes the necessity for allophone alignment by integrat-
ing over all alignments [Graves & Ferndndez™ 2006], sim-
ilar to Baum-Welch training. Frame-level cross entropy
does not take the word level into account, treating all
frames independently and with equal weight. Also, both
the cross entropy and the frame classification error on a
held-out data set are only loosely correlated with the tar-
get evaluation measure for speech recognition, word er-
ror rate. In the tandem approach, GMM/HMM training
can be done with discriminative training [He & Deng™
2008, Heigold & Schliitert 2012], but usually does not in-
clude further optimization of the underlying neural net-
work, even though joint training would be possible [Tiiske
& Tahirt 2015, Tiiske & Golik™ 2015]. Sequence train-
ing [Kingsbury 2009] is the corresponding approach re-
alizing discriminative training criteria for hybrid mod-
eling. The criteria are the same in both cases, com-
prising mazimum mutual information (MMI), minimum
phone error (MPE) (cf. e.g. [He & Deng™ 2008]), and
state-level minimum Bayes risk (sMBR) criterion [Kings-
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bury & Sainath® 2012]. A direct comparison of MMI
and MPE can be found e.g. in [Wiesler & Golik™ 2015].
For encoder-decoder models (cf. Sec 11), a promising ap-
proach using upper estimates on the training error are
presented in [Bahdanau & Serdyuk™ 2015]. In [Tiiske &
Golik™ 2015], MPE training results are presented on the
Switchboard task. MPE training reduces the WER of a
cross entropy trained hybrid model from 13.7% to 12.6%.
Further, sequence discriminative training has been found
to play a crucial role for performing keyword search [Go-
lik & Tuske™ 2015b).

5. Regularization

Neural networks usually have a huge amount of trainable
parameters and are thus prone to overfitting, i.e. they fit
very good to the training data but perform badly on un-
seen data. Regularization aims at better generalization
by avoiding overfitting in various ways. Omne approach
would be to balance the amount of trainable parameters
with the amount of training data available. Neverthe-
less, it has been shown that depth boosts neural network
performance, both theoretically [Montufar & Pascanu™
2014] and experimentally [Zeyer & Doetsch™ 2017]. A
straight-forward approach to reduce the amount of pa-
rameters is to use a reduced matrix representation such as
linear bottlenecks [Wiesler & Richard® 2014], cf. Sec. 3.
Also, constraints can be introduced on the parameters or
to penalize them in various ways, where minimizing the
L1 or Lo norm is the simplest solution. This is usually
added as an additional term to the optimization criterion.
Another class of methods stochastically modifies the net-
work architecture so that the overall model can be seen
as an ensemble model of all the stochastic variants. The
most prominent method of this kind is dropout [Srivas-
tava & Hinton* 2014], where hidden nodes are randomly
dropped. Another recent promising method is stochastic
depth [Huang & Sun™ 2016], where hidden layers are ran-
domly dropped. In [Zeyer & Doetsch™ 2017] we studied
the effect of different regularization methods for LSTM
based acoustic models and we found a combination of Lo
and dropout to perform best.

6. Optimization

Neural network weights usually are trained by using error
backpropagation and stochastic gradient descent (SGD)
on the corresponding training criterion [Rumelhart &
Hinton™ 1986]. Improving the initial starting point of the
optimization was addressed by so called pretraining tech-
niques [Hinton & Osindero™ 2006]. Here, the weights are
initialized layer-by-layer using unsupervised restricted
Boltzmann machines or supervised methods like discrim-
inative pretraining [Seide & Lit 2011a]. As an alterna-
tive to SGD, also batch methods are possible, usually
applying second-order information, e.g. LBFGS, Rprop,
or the Hessian-Free approach [Wiesler & Richard™ 2014].
Second-order optimization can also be transferred to
SGD by normalizing mean and variance within a batch
[Wiesler & Richard® 2014, Giilgehre & Bengio 2014].
The step size for the adjustment is usually treated as hy-
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perparameter and various methods have been proposed
to improve the estimate of the optimal step size, like Ada-
Grad [Duchi & Hazan™ 2010], Adadelta [Zeiler 2012],
or Adam [Kingma & Ba 2014], which was reported to
give very stable optimization. Also, gradient clipping
and noise addition are commonly used methods to im-
prove convergence. Table 1 shows the performance of

Table 1: Word error rate on 50 hours of English spoken
sentences from the Quaero corpus using different opti-
mization methods. The results are taken from [Zeyer &
Doetsch™ 2017].

Systems WER [%)]
Gradient Descent 15.0
AdaGrad 15.6
Adadelta 15.1
Adam 14.8

+ gradient noise 14.6

these methods on an ASR task. In order to benefit from
modern computing architectures like GPUs, algorithms
have to be designed to perform simple operations on large
amounts of data in parallel. The workload of each single
operation can be distributed on several machines. More
commonly, training times are reduced and a direct ex-
tension to gradient descent is obtained by data paral-
lelism, where samples are partitioned into batches and
considered as single step in the optimization procedure,
c.f. e.g. [Dean & Corrado™t 2012, Doetsch & Zeyert 2017].

7. Neural Networks in Language Modeling

The earliest ANN-based approach to language model-
ing known to us was proposed in [Nakamura & Shikano
1989] and termed NETgram. However, the first appli-
cation of ANN-based language models in ASR only ap-
peared in [Bengio & Ducharme™ 2000]. While compet-
itive results against the conventional count-based mod-
els were already reported with feed-forward ANN-based
n-gram models, neural networks have become truly pop-
ular for language modeling only after introducing recur-
rent neural networks into language modeling [Mikolov &
Karafidt™ 2010]. As opposed to the count model and
feed-forward ANN, the recurrent neural network effec-
tively can handle unlimited context by compressing it
into a fixed size context vector. This property is an ele-
gant solution to the context length problem which is fun-
damental in language modeling. Finally, the long short-
term memory recurrent network was first applied for
language modeling in [Sundermeyer & Schliiter™ 2012],
which is considered the state-of-the-art architecture for
language modeling today [Melis & Dyer™ 2017]. In prac-
tice, the combination of count-based and neural network-
based approaches gives best results in ASR within the
hybrid approach. Linear interpolation is the most popu-
lar and effective combination method (a small improve-
ment by an alternative back-off level combination has
been reported in [Chen & Liut 2015]). Due to the high
computational complexity of neural language models and
the context-induced search complexity, ANN-based lan-



guage models mostly are applied in a rescoring step using
N-best lists, or lattices [Sundermeyer & Tiiske™ 2014]
generated using count models. Overall, the relative im-
provements from a 4-gram count model in perplexity of
about 30% and in word error rate of 16% were reported
in [Sundermeyer & Ney™ 2015] by using a neural network
with two LSTM layers. Further results can be found in
Tables 2 and 3. More recently, on the Switchboard

Table 2: Standalone perplexities on the Quaero English
2012. Training data of 50M running words. The results
are taken from [Tiiske & Irie™ 2016, Irie & Tiiske™ 2016].

model type # of PPL CPU
layers time
4-gram count model - 163.7  30min
10-gram MLP 1 136.5 1 week
2 130.9 -
Recurrent NN 1 125.2 -
LSTM-RNN 1 107.8 3 weeks
2 100.5 -

Table 3: Interpolated perplexities and word error rate on
Quaero English 2013 [Tiiske & Irie™ 2016, Irie & Tiiske™
2016]. 250h acoustic training data, 3B/50M running
words for training count/neural models. CN decoding.

train  model type # of PPL WER
data layers (%)
3.1B  4-gram count model - 131.2 124
50M 4+ 10-gram MLP 1 112.5 11.5
2 110.2 11.3

+ Recurrent NN 1 108.1  11.1

+ LSTM-RNN 1 96.7 10.8

2 92.0 104

corpus, we observed a similar reduction by 15% relative
in WER, i.e. from 9.8% for a 4-gram count-based lan-
guage model down to 8.3% for an LSTM-based language
model [Irie & Lei™ 2018]. In another recent study, we in-
vestigated the use of recurrent model topologies to model
long, but limited context. We observed that the effective
context length needed to obtain optimum performance
levelled around 20-40 words [Tiiske & Schliitert 2018].

8. Acoustic Features and Feature Learning

Despite similarities in standard feature extraction
pipelines like MFCC, PLP, or Gammatone [Davis & Mer-
melstein 1980, Hermansky 1990, Schliiter & Bezrukov™
2007], they can be expected to complement each other
when combined. Using these features as concatenated
input to neural networks, about 5-10% relative WER re-
duction was observed on a broadcast news and conversa-
tion task in [Plahl & Kozielskit 2013, Tiiske & Golik™
2014b]. Further investigation also revealed that the op-
timal cepstral/critical band energy features for MLP re-
quires higher resolution (up to 50-60 dimensional) than
for GMM (15-20 dimensional) [Tiiske & Golik™ 2015].

Recent studies demonstrated that feature extraction be
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Figure 3: Integration of signal processing for acoustic
feature generation and acoustic modeling.

integrated into the acoustic model and learned com-
pletely from data [Tiiske & Golik™ 2014b, Sainath &
Weiss™ 2015a], as depicted in Fig. 3. Interestingly, the
model training leads to auditory-like filterbanks. Fig. 4
shows the convolutional processing in the first hidden
layer, and Fig. 5 shows the corresponding learned fil-
ter weights in the time domain and transformed into the
frequency domain, respectively [Golik & Tiiske™ 2015a).
Fig 6 shows the effective convolution in time and fre-
quency resulting from the second hidden convolutional
layer applied in [Golik & Tiiske™ 2015a]. Fig. 7 shows
examples of corresponding filters learned directly from
the speech samples as part of the overall acoustic model
training. For details, cf. [Golik & Tiiske™ 2015a]. Us-
ing more training data, in [Tiske & Michel® 2017] it is
shown that even standard feed-forward neural network
structures can be used to learn the acoustic feature ex-
traction and still obtain comparable WER to using man-
ually designed features. For sufficient amounts of train-
ing data, models trained on the raw time signal can even
outperform standard preprocessing, even for multichan-
nel scenarios [Sainath & Weiss™ 2015b].

However, this usually requires a large amount of
transcribed speech. In low-resource scenarios, well-

i=1,2,3

Figure 4: Convolution in time.
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Figure 5: First hidden convolutional filters: original
weights in time domain (left) and transformed into fre-
quency domain (right).

established static standard feature extraction procedures
still show a significant performance margin over data-
driven feature extraction. Using 50 hours of broadcast
news and conversations data showed about 10% rela-
tive performance loss [Golik & Tiiske™ 2015a, Tiiske &
Golik™ 2015] for data driven feature extraction, even if
the modeling was informed by standard feature extrac-
tion steps. In acoustically challenging recognition tasks,
with only a few hours of speech available, well-established
preprocessing steps like RASTA filtering [Hermansky &
Morgan 1994] of critical band energies and feature com-
bination can still be beneficial [Tiiske & Golik™ 2014a)].

Also for multichannel scenarios, beamforming can be sup-
ported by neural network based model. In [Heymann &
Drudetb], BLSTM-based ask estimation is introduced
for generalized eigenvalue based beamforming success-
fully. In [Heymann & Drudev'a], the mask-estimation
even is included in the overall acoustic model training.
The mask estimation even can be done speaker adaptive,
as shown in [Menne & Ney 2018].

9. Multilingual Modeling

Cepstral features typically capture formant related infor-
mation and are a good starting point to develop acous-
tic models for any language. As neural networks have
become a major component of recent HMM based ASR
techniques, it was observed that neural network based
posterior features possess language independent proper-
ties to a certain degree. This can be exploited in the tan-
dem approach [Stolcke & Grézl* 2006, T6th & Frankel™
2008, Plahl & Schliiter™ 2011]. Taking advantage of mul-
tiple language acoustic data poses the question of how to

frequency

Figure 6: Convolution in time and frequency.
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Figure 7: Examples of learned time-frequency filters.

handle differing phoneme sets. Language independent
mappings can be done using international phonetic al-
phabets like IPA or SAMPA [Schultz & Waibel 1997], or
by various data driven approaches [Byrne & Beyerlein™
2000, Thomas & Ganapathyt 2010]. Nevertheless, this
often introduces ambiguities. In another approach, a
joint phoneme set was generated by having language de-
pendent phonemes [Grézl & Karafiat™ 2011], although
this might introduce unnecessary discrimination between
similar phonemes. The inherent layer-wise structure of
an MLP also allows to train the model on multiple lan-
guages by sharing only hidden layers across languages
[Scanzio & Laface™ 2008], which forces the network to
learn a language independent representation on a deeper
level. This multiple output training is closely related to
multi-task training proposed by [Caruana 1993] and to
subspace methods [Burget & Schwarzt 2010]. One of
the biggest advantages of multilingual modeling is that
the training can be done without knowing the target lan-
guage. Thus, system development on a new, unseen lan-
guage becomes more efficient and even leads to significant
performance gains. In [Tiiske & Nolden™ 2014], multi-
lingual features gave relative gains of 9-11% in WER,
and 30-40% in key word search on low resource tasks for
a number of quite different languages within the Babel
project [Babel]. The usefulness of multilingual models
later was confirmed for very low amounts of only 3h tar-
get language training data [Golik & Tiiske™ 2015b]. Even
with using 28 languages for training, still additional bene-
fits were observed [Golik & Tiiske™ 2017]. Even for tasks
with large training sets, significant improvements were
observed. Between 3-7% relative WER reduction was ob-
served on broadcast news and conversation LVCSR tasks
for four languages using between 110h and 320h for train-
ing per language, and 700h overall for training the multi-
lingual net [Tiiske & Schliiter™ 2013]. In summary, multi-
lingual features and corresponding initialization schemes
provide an efficient acoustic modeling framework for un-
seen qalanguages, and could reduce system development
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time and costs significantly.

10. Adaptation and Normalization

Adaptation and normalization w.r.t. to speaker, environ-
ment, or recording channel usually provides significant
improvements in ASR. Using GMMs, vocal tract length
normalization (VTLN), maximum likelihood linear re-
gression (MLLR), as well as feature space/constrained
MLLR (CMLLR), together with speaker adaptive train-
ing work well, and have already been transferred to neu-
ral network based ASR successfully [Grézl & Karafidt™
2007, Schaaf & Metze 2010, Seide & Lit 2011al. Al-
though many approaches still necessitate GMMs as tar-
get models in the background, optimization within the
neural network structure also is possible [Seide & Li™
2011a]. E.g., for the real test set on the noisy, multi-
channel CHiME3 task we observed an improvement from
8.6% to 6.9% WER using CMLLR over an LSTM-based
hybrid system and using beamforming kindly provided
by the authors of [Heymann & Drude™b]. I-vectors are a
well known low-dimensional speaker representation used
in the domain of speaker recognition/verification, which
can be used to inform neural network acoustic models
with speaker information. Using i-vectors, in [Saon &
Soltau™ 2013] a 5-6% relative improvement in WER over
a DNN baseline trained on already speaker adapted fea-
tures was obtained on the Switchboard task. Speaker
cluster adaptive training based on i-vectors is proposed
in [Prasad & Sim 2016]. In [Samarakoon & Sim* 2017],
speaker representations also are used to interpolate be-
tween speaker clusters. Neural networks can also be
used to generate a variety of adaptation codes, by us-
ing speakers or environmental conditions as classification
targets for a network [Miao & Metze 2015, Qian & Tan™
2016]. Besides CMLLR, different affine transformations
can be used throughout the network for speaker adapta-
tion [Li & Sim 2010, Xue & Lit 2014], also using recur-
rent LSTM models [Liu & Wang™ 2016], and in [Huang
& Lut 2018] also for bidirectional LSTM models for the
case of speech synthesis. In [Wang & Wang 2017], unsu-
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Figure 9: Architecture of a statistical speech recogni-
tion system with integrated sequence modeling, like in
the encoder/attention/decoder approach [Bahdanau &
Chorowski* 2016, Chan & Jaitly™* 2015], segmental mod-
eling [Lu & Kong™ 2016, or the related inverted HMM
approach [Doetsch & Hegselmann™ 2016].

pervised adaptation of batch-normalized acoustic models
applying scaling and shifting is proposed. In [Swietojan-
ski & Renais 2016], learning hidden unit contributions is
combined with speaker adaptive training without requir-
ing intermediate speaker dependent features or modeling.
[Kitza & Schliiter™ 2018] shows a systematic study of us-
ing affine speaker adaptation transforms throughout the
layers of a deep BLSTM, and a comparison to learning
hidden unit contributions for speaker adaptation.
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11. Sequence Modeling

While neural networks proved a powerful tool in local and
sequential classification tasks, segmentation and length
modeling is still entirely done within an HMM frame-
work. Although CTC [Graves & Ferndndez™ 2006] pro-
vides a simpler topology, it could still be seen as realiz-
ing a specific HMM topology, where search can be done
using standard HMM-based implementations. Recently,
a new approach was introduced to integrate segmenta-
tion and length modeling into a recurrent topology [Bah-
danau & Chot 2015]. These so called end-to-end sys-
tems separate the input and output handling into two
different models: an encoder, which reads the input and
is trained to compute discriminative features from the
observations, and a decoder, which produces the desired
output target sequence label-by-label by utilizing the en-
coded features. The decoder includes modeling of label
(word) context, thus even integrating language model-
ing to the extent of utilizing labeled acoustic training
data, while the encoder is designed to generate signifi-
cant representations that are neither constrained by in-
put nor output length. The topology of these models is
furthermore closely related to generative RNNs [Graves
2013] and has been applied to ASR tasks, already [Bah-
danau & Chorowski™ 2016, Chan & Jaitly™ 2015]. In the
decoder, length modeling is done by including and hy-
pothesizing an end-of-sequence symbol. In its simplest
form, the encoder only produces a single final activa-
tion that is subsequently used to initialize the decoder.
However, the performance of these models quickly de-
grades even for moderately long sequences (around 10
symbols, depending on the recurrent cell used) [Bah-
danau & Chot 2015]. It is furthermore commonly seen as
unfavorable that an output sequence of arbitrary size is
encoded into a fixed size representation and the effective
capacity of those representations is not entirely under-
stood. To account for arbitrary input length, several so-
called attention-mechanisms were developed [Bahdanau
& Chot 2015, Chan & Jaitly™ 2015]. Here, at each de-
coder step, an expected input is computed as a normal-
ized and statistically localized linear combination of all
features provided by the encoder. End-to-end approaches
usually employ beam search with static beams of limited
sizes; their recognition results do not yet outperform hy-
brid HMM approaches [Chan & Jaitlyt 2015] for tasks
with limited amount of training data. However, recently
encoder-attention-devoder approaches where shown to
outperform standard hybrid HMM approaches for tasks
using 1000h and more training data in [Chiu & Sainath™
2017, Zeyer & Irie™ 2018]. Another approach to find a
consistent integration of discriminative neural network
based acoustic models into a speech recognition frame-
work is the segmental [Lu & Kong™ 2016] or inverted
HMM approach [Doetsch & Hegselmann™ 2016]. Here,
the standard HMM alignment of HMM states to observa-
tion frames is inverted to aligning observation frame seg-
ments to output symbols. Where in the standard HMM
approach the hidden alignment variables are the HMM
states, in the inverted approach the hidden alignment
variables are the observation frame segment boundaries.

22

In [Beck & Hannemann™ 2018] competetive results are
presented for large vocabulary automatic speech recog-
nition and handwriting recognition for small to medium
sized training corpora.

12. Conclusions

In this work, an overview of recent developments in au-
tomatic speech recognition using neural network based
modeling approaches was presented. Approaches for
both acoustic and language modeling already show
considerable improvements, especially using recurrent
topologies, and combined with discriminative sequence
training criteria. Currently, improvements of approx.
50% relative in word error rate are observed when re-
placing GMM/HMM acoustic models and count-based
language models by recurrent long-short term memory
(LSTM) based acoustic and language models. More in-
dependence from e.g. GMM-based model initialization,
or separate modeling aspects like CART would be de-
sirable to obtain more consistent neural network based
modeling, which is covered in the area of end-to-end
approaches, which e.g. attention approaches relate to.
Also, further exploitation of the high potential of neu-
ral network based modeling, especially w.r.t. the integra-
tion of recurrent models into the decision rule, as well
as consistent modeling, training, and decoding w.r.t. the
target evaluation measure word error rate seem worth-
while. Further improvements are to be expected from
also integrating the search problem together with acous-
tic and language modeling into a single, joint model, like
in encoder-attention-decoder based approaches. How-
ever, a better understanding of the learned networks is
needed to support training tasks of varying size and qual-
ity, and to take advantage of separate training data for
acoustic (transcribed speech) and language models (text
only).
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