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Abstract
This paper describes the use of a neural network language model for large vocabulary continuous speech recognition.
The underlying idea of this approach is to attack the data sparseness problem by performing the language model probability estimation in a continuous space. Highly eﬃcient learning algorithms are described that enable the use of training
corpora of several hundred million words. It is also shown that this approach can be incorporated into a large vocabulary
continuous speech recognizer using a lattice rescoring framework at a very low additional processing time. The neural network language model was thoroughly evaluated in a state-of-the-art large vocabulary continuous speech recognizer for
several international benchmark tasks, in particular the NIST evaluations on broadcast news and conversational speech
recognition. The new approach is compared to four-gram back-oﬀ language models trained with modiﬁed Kneser–Ney
smoothing which has often been reported to be the best known smoothing method. Usually the neural network language
model is interpolated with the back-oﬀ language model. In that way, consistent word error rate reductions for all considered tasks and languages were achieved, ranging from 0.4% to almost 1% absolute.
 2006 Elsevier Ltd. All rights reserved.

1. Introduction
Language models play an important role in many applications such as character and speech recognition,
translation and information retrieval. In this paper the use of a neural network language model for large
vocabulary continuous speech recognition is investigated. Given the acoustic signal x, it is today common
practice to introduce the acoustic model P(xjw) and the language model P(w) when searching for the best word
sequence w*:
w ¼ arg max P ðwjxÞ ¼ arg max P ðxjwÞP ðwÞ:
w

w

ð1Þ

A similar decomposition is used in statistical machine translation (Brown et al., 1990). Suppose we want to
translate a French source sentence f to an English target sentence e:
e ¼ arg max P ðejf Þ ¼ arg max P ðf jeÞP ðeÞ;
e

q
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where P(fje) is the so-called translation model and P(e) the target language model. Statistical machine translation is not considered in this work, but initial studies have shown that the proposed neural network language
model can also be used for this task (Schwenk et al., 2006).
Let us denote the word sequence w1, . . ., wi by wi1 . A statistical language model has to assign a non-zero
probability to all possible word strings wn1 :
n
Y
P ðwi jwi1
ð3Þ
P ðwn1 Þ ¼ P ðw1 Þ
1 Þ:
i¼2

In practice, data sparseness is an important problem, making it impossible to consider the full word history
w1i1 to make the prediction of the word wi, and equivalence classes are used. Many approaches were proposed
that diﬀer in how these equivalence classes are deﬁned. For example in back-oﬀ n-gram word language models
the context is limited to the n  1 previous words (Katz, 1987), or in class language models several words are
grouped together into syntactical, semantical or statistical word classes (Brown et al., 1992).
In the domain of language modeling for continuous speech recognition, a large body of interesting work
has been carried out and many new approaches have been developed, for instance structured language models
(Chelba and Jelinek, 2000) or maximum entropy language models (Rosenfeld, 1996). To the best of our
knowledge, these models are, however, not used in large vocabulary continuous speech recognizers that
achieve state-of-the-art word error rates. In practice, these speech recognizers are based on back-oﬀ n-gram
language models, a technique that was introduced almost twenty years ago (Katz, 1987). Of course, the performance of these language models has improved a lot, but this is mainly due to the availability of large text
corpora of more than one billion words for training, and to the development of computer infrastructure to
deal with such amounts of data. Many new smoothing techniques were developed, see for example Chen
and Goodman (1999) for an overview, but the basic procedure is still the same, i.e., backing-oﬀ to lower order
n-grams for unseen events. Only very recently have new language model approaches been successfully used in
large vocabulary continuous speech recognizers, for example the SuperARV language model (Wang et al.,
2004) and Random Forest language models (Xu and Mangu, 2005).
In standard back-oﬀ n-gram language models words are represented in a discrete space, the vocabulary.
This prevents ‘‘true interpolation’’ of the probabilities of unseen n-grams since a change in this word space
can result in an arbitrary change of the n-gram probability. Recently, a new approach was proposed based
on a continuous representation of the words (Bengio et al., 2000, 2001; Bengio et al., 2003). The basic idea
is to convert the word indices to a continuous representation and to use a probability estimator operating
in this space. Since the resulting distributions are smooth functions of the word representation, better generalization to unknown n-grams can be expected. Probability estimation and interpolation in a continuous space
is mathematically well understood and numerous powerful algorithms are available that can perform meaningful interpolations even when only a limited amount of training material is available. Bengio and Ducharme
(2001) evaluated their model on two text corpora and achieved signiﬁcant reductions in perplexity, but to the
best of our knowledge, they did not test it on a speech recognition task.
The ﬁrst application of a neural network language model to large vocabulary continuous speech recognition was performed by Schwenk (2001), Schwenk and Gauvain (2002), showing word error reductions on
the DARPA HUB5 conversational telephone speech recognition task. The only other application of a neural network language model to speech recognition we are aware of was later done by Emami et al. (2003) and
follow up work of the same authors. Emami et al. (2003) used the neural network language model with
a syntactical language model showing perplexity and word error improvements on the Wall Street Journal
corpus.
This paper summarizes and extends our continued research on neural network language models for large
vocabulary continuous speech recognition (Schwenk and Gauvain, 2003; Schwenk, 2004; Schwenk and Gauvain, 2004a; Schwenk and Gauvain, 2004b; Schwenk and Gauvain, 2005a; Schwenk and Gauvain, 2005b) and
provides extensive discussion and experimental evaluation. In the next section we discuss the relationship
between the neural network language model as proposed by Bengio and Ducharme (2001) and similar works.
Section 2 introduces the architecture of the neural network language model. Several highly eﬃcient training
and lattice rescoring algorithms are presented and discussed in detail. We also discuss resampling methods
to train the neural network on corpora of several hundred million words. Section 3 presents a thorough
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evaluation of the neural network language model in state-of-the-art large vocabulary continuous speech recognizers. It was successfully applied to three diﬀerent languages and several tasks that exhibit diﬀerent speaking styles, ranging from prepared speech to meetings and conversations. The paper concludes with a discussion
of future research.
1.1. Relation to other work
The idea of learning distributed representations for symbolic data was already presented in the early days of
connectionism (Hinton, 1986; Elman, 1990) and more recently pursued by Paccanaro and Hinton (2000).
There is also other work which describes the use of neural networks for language modeling, but on a much
smaller scale and without incorporation into a speech recognition system. In Nakamura and Shikano
(1989), a neural network is used to predict word categories. Experiments are reported on the Brown corpus
using 89 diﬀerent categories. Another approach to connectionist natural language processing, based on hierarchically organized modular subnetworks and a central lexicon, was developed by Miikkulainen and Dyer
(1991). Xu and Rudnicky (2000) proposed language models using a simple neural network. The input consists
of only one word and no hidden units are used, which limits the model to essentially capturing uni-gram and
bigram statistics. Bi- and trigram models using neural networks were studied by Castro and Polvoreda (2001);
Castro and Prat (2003). A training corpus of 800 k examples was used, but the vocabulary was limited to 29
words.
Similar ideas were also formulated in the context of character-based text compression (Schmidhuber, 1996).
Neural networks were used to predict the probability of the next character. The cost function of the neural
network language model is also similar to that used in maximum entropy models (Berger et al., 1996), which
corresponds to a neural network without a hidden layer. The idea of using a vector space representation of
words has also been used in the area of information retrieval. In latent semantic indexing feature vectors of
documents and words are learned on the basis of their probability of co-occurences (Deerwester et al.,
1990). This idea was also applied to statistical language modeling, for example in (Bellegarda, 1997).
2. Architecture of the neural network language model
The neural network language model has to perform two tasks: ﬁrst, project all words of the context
hj ¼ wj1
jnþ1 onto a continuous space, and second, calculate the language model probability P(wj = ijhj)
for the given context. It will be shown in the following discussion that both tasks can be performed by
a neural network using two hidden layers. The ﬁrst one corresponds to the continuous representation of
all the words in the context and the second hidden layer is necessary to achieve non-linear probability estimation (see Fig. 1). The network is trained by stochastic back-propagation to minimize the perplexity of the
training data.
Let N be the size of the vocabulary (typically 40 k, . . ., 200 k) and P the dimension of the continuous space
(50, . . ., 300 in the experiments). The inputs to the neural network are the indices of the n  1 previous words in
the vocabulary. The so-called 1-of-n coding is used, i.e., a N dimensional binary vector where the ith word of
the vocabulary is coded by setting the ith element of the vector to 1 and all the other elements to 0. This coding
substantially simpliﬁes the calculation of the projection layer since we only need to copy the ith line of the
N · P dimensional projection matrix. The projection matrix is shared for the diﬀerent word positions in the
context. The continuous projections of all the words in the context are concatenated and form the ﬁrst hidden
layer of the neural network (see Fig. 1). A linear activation function is used for this layer. Let us denote the
activities of this layer cl with l = 1, . . ., (n  1) Æ P. In the continuous space, each word corresponds to a point in
RP, and the learning task consists of estimating the joint probability distribution of a sequence of n  1 points
corresponding to the context hj. This is done by the remaining two layers of the neural network. The second
hidden layer uses hyperbolic tangent activation functions:
!
X
d j ¼ tanh
mjl cl þ bj
8j ¼ 1; . . . ; H ;
ð4Þ
l
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Fig. 1. Architecture of the neural network language model. hj denotes the context wj1
jnþ1 . P is the size of one projection and H and N is the
size of the second hidden and output layer, respectively. When short-lists are used the size of the output layer is much smaller than the size
of the vocabulary.

where mjl are the weights between the projection layer and the second hidden layer and bj are the biases of the
second hidden layer.
In contrast to standard language modeling where we want to know the probability of a word i given its
context, P(wj = ijhj), the neural network simultaneously predicts the language model probability of all words
in the word list:
X
oi ¼
vij d j þ k i ;
ð5Þ
j

eoi
p i ¼ PN

l¼1

eol

8i ¼ 1; . . . ; N ;

ð6Þ

where vij are the weights between the second hidden and the output layer and ki are the biases of the output
layer. The value pi of the ith output neuron corresponds directly to the probability P(wj = ijhj). The so-called
softmax normalization (Eq. (6)) can be seen as a smoothed version of the winner-takes-all activation model in
which the unit with the largest input has output +1 while all other units have output 0 (Bridle, 1990; Bishop,
1995). It is clear that this normalization for each language model probability evaluation is very costly in processing time due to the large size of the output layer, but in the following sections several improvements will be
developed so that the approach can be used for large vocabulary continuous speech recognition. For n-gram
back-oﬀ language models the normalization is performed at the time of construction of the model.
Using matrix/vector notation the operations performed by the neural network can be summarized as follows:
d ¼ tanhðM  c þ bÞ;

ð7Þ

o ¼ V  d þ k;
,
N
X
p ¼ expðoÞ
eol ;

ð8Þ
ð9Þ

l¼1

where lower case bold letters denote vectors and upper case bold letters denote matrices. The tanh and exp
functions as well as the division are performed element wise.

496

H. Schwenk / Computer Speech and Language 21 (2007) 492–518

Training is performed with the standard back-propagation algorithm minimizing the following error
function:
!
N
X
X
X
2
2
ti log pi þ 
mjl þ
vij ;
E¼
ð10Þ
i¼1

jl

ij

where ti denotes the desired output of the neural network (target vector), i.e., the probability should be 1.0 for
the next word in the training sentence and 0.0 for all the other ones. The ﬁrst part of the equation is the crossentropy between the output and the target probability distributions, and the second part is a regularization term
that aims at preventing the neural network from overﬁtting the training data (weight decay). The parameter 
has to be determined experimentally using a validation set. Weight decay is not used for the bias terms bj and ki.
Following classical learning theory we should minimize the sum of E over all examples, but this generally
leads to very slow convergence with training corpora of several thousand or even a million examples (see for
examples Bishop (1995) for a general description of neural networks and learning theory). Therefore so-called
stochastic back-propagation is used:
•
•
•
•

select randomly one four-gram training example w1w2w3w4, i.e., we want to learn the task P(w4 = ijw1w2w3),
put the context h = w1w2w3 at the input of the neural network and calculate the outputs pi,
set the desired outputs to tj = dij, j = 1, . . ., N, supposing that w4 is the ith word in the vocabulary,
calculate the gradient of the error function E with respect to all weights. This is done by back-propagating
the errors from the outputs to the inputs,
• update all the weights:
oE
ð11Þ
ox
where x stands for one of the weights or bias of the neural network and k is the learning rate that has to be
chosen experimentally.

xupdated ¼ xprevious  k

This procedure is repeated for several epochs, i.e., presentations of all examples in the training corpus. Note
that the gradient is back-propagated through the projection-layer, which means that the neural network learns
the projection of the words onto the continuous space that is best for the probability estimation task. It can be
shown that the outputs of a neural network trained in this manner converge to the posterior probabilities (see
for example Bishop (1995)). Therefore, the neural network minimizes the perplexity of the training data, under
the constraint given by its architecture and the limited computational resources available for optimizing its
parameters.
Let us analyze the complexity of calculating the probability P(wj = ijhj) of only one n-gram. The activities of
the projection layer are obtained by a simple table look-up and can be neglected in the complexity analysis.
The calculation of the hidden- and output-layer activities corresponds to a matrix/vector multiplication followed by the application of a non-linear function. The addition of the bias terms is not explicitly considered
as this can usually be done in one ‘‘multiply-and-add’’ operation. This gives the following number of ﬂoating
point operations (Flops):
ðn  1ÞP  H þ H þ ðH  N Þ þ N :

ð12Þ

Since N is usually much larger than H, the complexity is dominated by the calculation at the output layer. For
typical values of n = 3, N = 64 k, P = 50 and H = 1024, about 67 MFlops are needed for one forward pass. It
is impractical to train networks of this size on several million examples and to use them in a large vocabulary
continuous speech recognizer. In the following sections several improvements are presented to drastically reduce this complexity (Schwenk, 2004).
2.1. Fast recognition
To the best of our knowledge, all state-of-the-art large vocabulary continuous speech recognizers use backoﬀ n-gram language models, and the decoding algorithms are heavily tuned to this type of language model. It

H. Schwenk / Computer Speech and Language 21 (2007) 492–518

497

is for instance common to use the knowledge whether a particular n-gram exists or if it is backed-oﬀ to a lower
order n-gram during the construction of the search graph. In addition, it is assumed that the evaluation of the
language model probabilities takes a negligible amount of time in comparison to the computations involved
for the acoustic model. This is reasonable for a back-oﬀ language model, for which a language model request
corresponds basically to a table look-up using hashing techniques, but this led to long decoding times in our
ﬁrst experiments when the neural language model was used directly during decoding (Schwenk and Gauvain,
2002). In order to make the neural network language model tractable for large vocabulary continuous speech
recognition, several techniques were developed that are detailed below.
2.1.1. Lattice rescoring
Normally, the output of a speech recognition system is the most likely word sequence given the acoustic
signal, but it is often advantageous to preserve more information for subsequent processing steps. This is usually done by generating a lattice, i.e., a graph of possible solutions where each arc corresponds to a hypothesized word with its acoustic and language model scores. Fig. 2 shows an example of a lattice that was
generated using a trigram back-oﬀ language model during decoding. Each word has a unique two word context so that the language model probability that is attached to each arc can be calculated. It can for instance be
seen that the arcs leaving from the node at t = 0.64 at the bottom of the example lattice have a common context (not a), but that the preceding nodes at t = 0.59 can not be joined into one node, since the bigram contexts are not unique. Additional simpliﬁcations are possible using the knowledge whether a particular n-gram
exists or if it is backed-oﬀ to a lower order n-gram.
In the context of this work the unchanged large vocabulary continuous speech recognition decoder is
used to generate lattices using an n-gram back-oﬀ language model. These lattices are then processed by
a separate tool and all the language model probabilities on the arcs are replaced by those calculated by
the neural network language model (lattice rescoring). In practice, processing is performed in several steps:
ﬁrst a lattice is generated using a bigram back-oﬀ language model, these lattices are then rescored using a
trigram back-oﬀ language model and are pruned in order to reduce their size. Finally these trigram lattices
are rescored using the neural network language model. Each time a lattice is rescored with a higher order
language model than the one used to generate the lattice, it may be necessary to add some nodes and arcs
in order to ensure the longer unique context (lattice expansion). This is in particular the case for the neural
network language model since all language model requests use the full n  1 context without ever backingoﬀ to a shorter context. In our experiments, rescoring with a neural network four-gram language model
resulted in an increase of the lattice size of about 30% in comparison to the lattice expanded with a
four-gram back-oﬀ language model.
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Fig. 2. Example of a lattice produced by the speech recognizer using a trigram language model. A lattice is a graph of possible solutions
where each edge corresponds to a hypothesized word with its acoustic and language model scores (for clarity these scores are not shown in
the ﬁgure). {fw} stands for a ﬁller word and {breath} is breath noise.
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2.1.2. Short-lists
It was demonstrated in Section 2 that most of the calculations are necessary to compute the activities of the
output layer, due to its large size. Remember that all outputs need to be calculated in order to perform the
softmax normalization even though only one language model probability is needed.1 Therefore it is suggested
to decrease the size of the output layer. One may argue that the language model probabilities of frequent
words are likely to be well estimated by a back-oﬀ language model, and that the neural network language
model should only be used to improve the estimation of rare words. On the other hand, it does not seem
to be useful to improve the language model probabilities of words that do not appear very often since this
probably won’t have a notable eﬀect on the word error rate. Taking this into consideration, we chose to limit
the output of the neural network to the s most frequent words, s  N, referred to as a short-list in the following discussion. It is important to remember that all words in the vocabulary are still considered for the input of
the neural network. The language model probabilities of words in the short-list ( Pb N ) are calculated by the neural network and the language model probabilities of the remaining words ( Pb B ) are obtained from a standard
n-gram back-oﬀ language model. Deﬁning the random variable L for the event that the to be predicted word is
in the short-list, this can be formalized as
(
Pb N ðwt jht ; LÞ  P B ðht jLÞ if wt 2 short-list
Pb ðwt jht Þ ¼
ð13Þ
Pb B ðwt jht Þ
else
where PB (htjL) is given by:
X
Pb B ðwjht Þ:
P B ðht jLÞ ¼

ð14Þ

w2short-list

It can be considered that the neural network redistributes the probability mass of all the words in the
short-list.2 This probability mass is precalculated and stored in the data structures of the standard fourgram back-oﬀ language model. A back-oﬀ technique is used if the probability mass for a requested input
context is not directly available. Coverages for diﬀerent short-list sizes are given in the following result sections, i.e., the percentage of language model probability requests that are actually performed by the neural
network.
It is also possible to use the neural network to predict this probability mass. In this case an additional output is used to group together all words that are not in the short-list. During lattice rescoring the value of this
output is used to rescale the probabilities obtained from the back-oﬀ language model. The other outputs of the
neural network correspond directly to a language model probability.
In summary, the neural network is never used alone for large vocabulary tasks, i.e., with a vocabulary larger than 16 k words, but we always need a back-oﬀ language model in order to process the language model
predictions of rare words. We will call this the short-list back-oﬀ language model. In addition, perplexity and
word error improvements were observed when interpolating the neural network language model with a backoﬀ language model. These two back-oﬀ language models can be identical, but this is not necessary. We do not
want the short-list back-oﬀ language model to be too big since the probability mass for all three-grams must be
precalculated and stored. Usually this language model is trained on in-domain data only (less than 40 M
words), eventually using a cut-oﬀ on the four-grams. The back-oﬀ language model used for interpolation,
however, can be of any size and it is trained on all available data.
2.1.3. Sorting and reordering
During lattice rescoring, language model probabilities with the same context ht are often requested several times on potentially diﬀerent nodes in the lattice (for instance the trigram ‘‘not a problem’’ in the
lattice shown in Fig. 2). Collecting and grouping together all these calls prevents multiple forward passes
since all language model predictions for the same context are immediately available at the output layer
(see Fig. 1).

1
2

Experiments using lattice rescoring with unnormalized language model scores led to much higher wordP
error rates.
Note that the sum of the probabilities of the words in the short-list for a given context is normalized: w2short-list Pb N ðwjht Þ ¼ 1.
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2.1.4. Bunch mode
Further improvements can be obtained by propagating several examples at once through the network,
which is also known as bunch mode (Bilmes et al., 1997). In comparison to Eq. (7) and (8) this results in using
matrix/matrix instead of matrix/vector operations:
D ¼ tanh ðMC þ BÞ;

ð15Þ

O ¼ VD þ K;

ð16Þ

where B and K are obtained by duplicating the bias b and k respectively for each line of the matrix. The tanhfunction is performed element-wise. These matrix/matrix operations can be aggressively optimized on current
CPU architectures, for instance using SSE instructions for Intel processors (Intel Math Kernel Library, 2005).
Although the number of ﬂoating point operations to be performed is strictly identical to single example mode,
an up to ten-fold execution speed-up can be observed depending on the sizes of the matrices. Typical execution
times to calculate the perplexity on a data set of 27 k words are as follows: 164 s when no bunch mode is used,
and 77, 32, 23, 19 and 16 s with a bunch of size 2, 8, 16, 32 and 128 examples, respectively.
The development data of the 2004 NIST conversational speech recognition evaluation consists of more than
3 h of speech comprised of 3779 conversations sides. The lattices generated by the speech recognizer for this
test set contain on average 282 nodes and 759 arcs per conversation side. In total 2.4 million four-gram language model probabilities were requested out of which 2.3 million (84.7%) were processed by the neural network, i.e., the word to be predicted is among the 2000 most frequent words (the short-list). After collecting
and grouping all language model calls in each lattice, only 359 thousand forward passes through the neural
network were performed, giving a cache hit rate of about 84%. Using a bunch size of 128 examples, the total
processing time took less than 9 minutes on an dual Intel Xeon 2.8 GHz server, i.e., in 0.05 times real time
(xRT).3 This corresponds to about 2.3 billion ﬂoating point operations per second (2.3 GFlops). The neural
network used in this benchmark has a hidden layer of 1560 neurons and the short-list is of length 2000. Lattice
rescoring without bunch mode and grouping of all calls in one lattice is about ten times slower.
It is important to note that the complexity of the neural network language model increases only linearly
with the order of the n-gram and with the size of the vocabulary (or alternatively the length of the short-list).
Although we consider only four-grams in this paper, longer span language models result in a negligible
increase of the memory and time complexity, both with respect to training and with respect to lattice rescoring.
This is a major advantage in comparison to back-oﬀ language models whose complexity increases exponentially with the context length. In practice, ﬁve-grams or even higher order back-oﬀ language models are rarely
used due to the data sparseness problem inﬂicted on such model.
2.2. Fast training
One of the major concerns was to achieve fast probability evaluations so that the neural network language
model can be used in a large vocabulary continuous speech recognizer. The time to train the neural network
does not aﬀect the recognition process, but long training times prevent fast system development, the exploration of several alternative architectures and the use on large training corpora.
In speech recognition applications, language models are usually trained on text corpora of several million
words. The neural networks used for these tasks have about 1000 neurons in the last hidden layer and the
size of the short-list is at least 2000. This results in more than 2 million parameters. Training such large
networks on several million examples is a signiﬁcant challenge and a straightforward implementation of
the stochastic back-propagation algorithm would take a considerable amount of time. Therefore several
speed-up techniques have been proposed in the literature, in particular parallel implementations (Bengio
et al., 2003), resampling techniques (Bengio and Sénécal, 2003) and hierarchical decomposition (Morin
and Bengio, 2005). Parallel stochastic back-propagation of neural networks requires connections between
the processors with very low latency, which are very costly. Optimized ﬂoating point operations are much
more eﬃcient if they are applied to data that is stored in continuous locations in memory, making a better
3

In speech recognition, processing time is measured in multiples of the length of the speech signal, the real time factor xRT. For a speech
signal of 2 h, a processing time of 3xRT corresponds to 6 h of calculation.
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use of cache and data prefetch capabilities of processors. This is not the case for resampling techniques.
Therefore, a ﬁxed size output layer was used and the words in the short-list were rearranged in order to
occupy continuous locations in memory.
In an initial implementation, standard stochastic back-propagation and double precision for the ﬂoating
point operations were used in order to ensure good convergence. Despite careful coding and optimized
libraries for the matrix/vector operations (Intel Math Kernel Library, 2005), one epoch through a training corpus of 12.4 M examples took about 47 h on a Pentium Xeon 2.8 GHz processor. This time was reduced by
more than a factor of 30 using:
• Floating point precision (1.5 times faster). Only a slight decrease in performance was observed due to the
lower precision.
• Suppression of intermediate calculations when updating the weights (1.3 times faster).
• Bunch mode: forward and back-propagation of several examples at once (up to 10 times faster).
• Multi-processing (SMP): parallel matrix algebra using two CPUs in an oﬀ-the-shelf PC (1.5 times faster).
Most of the improvement was obtained by using bunch mode in the forward and backward pass. After calculating the derivatives of the error function DK at the output layer, the following operations were performed
(similar to Bilmes et al., 1997):
(1) Update the bias at the output layer:
k ¼ k  kDK  i;

ð17Þ
T

where i = (1, 1, . . ., 1) , with a dimension of the bunch size.
(2) Back-propagate the errors to the hidden layer:
DB ¼ VT  DK:

ð18Þ

(3) Update the weights from the hidden to the output layer:
V ¼ kDK  DT þ aV:

ð19Þ

(4) Calculate the derivatives of the tanh-activation function at the hidden layer:
DB ¼ DB  ð1  D  DÞ;

ð20Þ

where the sign  denotes element-wise multiplication.
(5) Update the bias at the hidden layer:
b ¼ b  kDB  i:

ð21Þ

(6) Back-propagate the errors to the projection layer:
DC ¼ MT  DB:

ð22Þ

(7) Update the weights from the projection to the hidden layer:
M ¼ kDB  CT þ aM:

ð23Þ

Note that the back-propagation and weight update step, including weight decay, is performed in one operation using the GEMM function of the BLAS library (Eq. (19) and (23)). For this, the weight decay factor  is
incorporated into a = 1  k. This simple modiﬁcation speeds up training by a factor of 1.3.
Bunch mode is not used to update the projection matrix since we can not group together several vectors in
continuous locations in memory. DC in Eq. (22) is a matrix of dimension (n  1) Æ P times the number of examples in one bunch. Each column corresponds to the concatenated continuous representations of the words in a
given context. Let us denote cr, r = 1, . . ., (n  1) the continuous representation of one word in this context (cr
is a P dimensional vector), and i the index of the corresponding word in the vocabulary. Then, the weight
update step for this word is given by:
xi ¼ xi þ Dcr
ð24Þ
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Table 1
Training times reﬂecting the diﬀerent improvements (on an Intel Pentium Xeon CPU at 2.8 GHz)
Size of training data

1.1 M words
12.4 M words

Precision

Bunch mode

SMP

Dbl

Float

2

4

8

16

32

128

128

2h
47 h

1 h16
30 h

37 m
10 h12

31 m
8 h18

24 m
6 h51

14 m
4 h01

11 m
2 h51

8 m18
2 h09

5 m50
1 h27

where xi is the ith line of the N · P dimensional projection matrix. This operation is repeated for all the words
in one context, and all the contexts in the bunch.
Table 1 summarizes the eﬀect of the diﬀerent techniques to speed up training. Extensive experiments were
ﬁrst performed with a training corpus of 1.1 M words and then applied to a larger corpus of 12.4 M words.
Bilmes et al. (1997) reported that the number of epochs needed to achieve the same mean squared error
increased with the bunch size. In our experiments the convergence behavior also changed with the bunch
size, but after adapting the learning parameters of the neural network only small losses in perplexity were
observed, and there was no impact on the word error rate when the neural language model was used in
lattice rescoring.
2.3. Grouping of training examples
Stochastic back-propagation consists in cycling through the training corpus, in random order, and to perform a forward/backward pass and weight update for each example. This can be potentially optimized using
the fact that many four-grams appear several times in a large training corpus, and that many four-grams
share a common trigram context. The idea is to group together these examples and to perform only one
forward and backward pass through the neural network. The only diﬀerence is that there are now multiple
output targets for each input context. Furthermore, four-grams appearing multiple times can be learned at
once by multiplying the corresponding gradients by the number of occurrences. This is equivalent to using
bunch mode where each bunch includes all examples with the same trigram context. Alternatively, the crossentropy targets can also be set to the empirical posterior probabilities, rather than 0 or 1. Formally, all
four-grams with a common context w1w2w3 are collected and one forward/backward pass is performed
using the following targets:
tj ¼

number of four-grams w1 w2 w3 w4 ¼ j
number of three-grams w1 w2 w3

8j ¼ 1; . . . ; N :

ð25Þ

In stochastic back-propagation with random presentation order, the number of forward and backward passes
corresponds to the total number of four-grams in the training corpus which is roughly equal to the number of
words.4 With the new algorithm the number of forward and backward passes is equal to the number of distinct
trigrams in the training corpora. One major advantage of this approach is that the expected gain, i.e., the relation between the total number of four-grams and distinct trigrams, increases with the size of the training corpus. Although this approach is particularly interesting for large training corpora (see Table 2), we were not
able to achieve the same convergence as with random presentation of individual four-grams. Overall, the perplexities obtained with the grouping algorithm were higher and this technique was not used for the applications of the neural network language model described in the following sections.
2.4. Resampling the training data
The above described algorithms were used to train the neural network language model on corpora of up to
30 M words (see Section 3 for a detailed description). For several tasks, however, much more data is available,
in particular when newspaper texts are representative of the style of language we want to model. As an extreme
case, we could mention language modeling of American English broadcast news for which almost 2 billion
4

The sentences were surrounded by begin and end of sentence markers. The ﬁrst two words of a sentence do not form a full four-gram,
e.g., a sentence of three words has only two four-grams.
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Table 2
Training times for stochastic back-propagation using random presentation of all four-grams in comparison to grouping all four-grams
that have a common trigram context (bunch size = 32)
Words in corpus

229 k

1.1 M

12.4 M

Random presentation
# Four-grams
Training time

162 k
144 s

927 k
11 m

11.0 M
171 m

Grouping
# Distinct trigram
Training time

124 k
106 s

507 k
6 m35 s

3.3 M
58 m

words are available. It is of course impractical to train a neural network on this much data. Even when processing time would not be an issue, the convergence behavior will certainly be suboptimal. It should be noted
that building back-oﬀ language models on large amounts of data is in principle no problem, as long as powerful machines with enough memory are available in order to calculate the word statistics.
We propose an algorithm that makes it possible to train the neural network on arbitrarily large training
corpora. The basic idea is quite simple: instead of performing several epochs over the whole training data,
a diﬀerent small random subset is used at each epoch. This procedure has several advantages:
• There is no limit on the amount of training data.
• After some epochs, it is likely that all the training examples were seen at least once.
• Changing the examples after each epoch adds noise to the training procedure. This potentially increases the
generalization performance.
This algorithm is summarized in Fig. 3. It is important to note that we resample independently from several
corpora. For example, we may choose to use all the examples of a small in-domain corpus, but to resample
only small fractions of large complementary corpora. In that way, it is possible to focus on important data and
still use large amounts of newspaper texts. The parameters of the resample algorithm are the size of the random subsets that are used at each epoch. If we chose the same resampling fraction for each corpus, the resampling algorithm would be almost identical to regular stochastic gradient descent, using a particular
randomization of the order of the examples and testing after each sub-epoch.
3. Experimental evaluation
In this section, a thorough evaluation of the neural network language model on several large vocabulary
continuous speech recognition (LVCSR) tasks and three diﬀerent languages (English, French and Spanish)
is presented. Evaluating a new language model smoothing technique like the neural network approach on different tasks is interesting since we are faced with diﬀerent speaking styles, ranging from prepared speech
(broadcast news task) to unconstrained conversational speech (Switchboard task, lecture and seminar transcription). In broadcast news speech, the grammar is usually well respected, but the vocabulary tends to be

Repeat
Select training data:
− Extract random subsets of examples from the different corpora
− Shuffle data
+ Train network for one epoch (performing weight updates after each example)
+ Test performance on development data
Until convergence
Fig. 3. Training algorithm for large corpora.
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rather large due to a large amount of proper names. The vocabulary for conversational speech, on the other
hand, is probably more limited, but there are frequent syntactical errors that are diﬃcult to model. The
amount of available language model training data diﬀers also quite a bit for the diﬀerent tasks. The main question is whether newspaper and Web texts, two sources of large amounts of text, are representative of the
speaking style of the considered task. The neural network language model was in fact ﬁrst used for the modeling of conversational speech in the NIST Switchboard LVCSR task in order to see whether it can take better
advantage of the limited amount of in-domain language model training data. The three considered languages
(English, French and Spanish) also exhibit particular properties: French has for instance a large number of
homophones in the inﬂected forms that can only be distinguished by a language model.
For each task the amount of language model training data is given, the training procedures are detailed and
comparative results are presented. It should be mentioned that not all neural network training algorithms were
systematically applied on all tasks. The recently developed resampling algorithm has not yet been used for the
English broadcast news and conversational speech recognition systems. In general, details on the speech recognition systems are omitted since this is not the direct focus of this work and the reader is referred to the
bibliography. A detailed description of the technology that is common to all speech recognizers can be found
in Gauvain et al. (2002).
In all the described experiments, the neural network language model is compared to a four-gram back-oﬀ
model. Modiﬁed Kneser–Ney smoothing is used, which has often been reported to be the best known single
smoothing method (but see Goodman (2001) for a combination of many smoothing techniques). All back-oﬀ
language models were trained using the SRI language model toolkit (Stolcke, 2002). When large amounts of
language model training data are available, the resampling algorithm is used or the neural network model is
trained on a subset of the data only. It is recalled that a back-oﬀ language model is always needed to predict
the language model probabilities of words that are not in the short-list. It was also useful to interpolate the
neural network with a back-oﬀ language model, even when the latter was trained on more data. This always
led to reductions in perplexity and word error rate. In the following this interpolated model will be denoted by
hybrid language model.
When calculating the perplexity of a sentence using a four-gram language model two particularities must be
considered. First, the sentence is surrounded by begin and end of sentence special symbols, denoted hsi and
hnsi, respectively. Second, we do not have a full three word context for the ﬁrst n-grams. The sentence ‘‘This
is an example’’, for instance, results in the following calculation:
P ðThis is an exampleÞ ¼ P ðThisjhsiÞ  P ðisjhsiThisÞ  P ðanjhsiThis isÞ
 P ðexamplejThis is anÞ  P ðhnsijis an exampleÞ:
The same observations apply when rescoring lattices. It is possible to train neural network language models
with a one, two and three word context in order to process all n-grams appearing in a sentence or a lattice.
Alternatively, we could repeat the begin of sentence symbol and only consider four-grams, for instance
P(Thisjhsi hsi hsi) at the beginning of the sentence. In this work we decided to simply use the back-oﬀ biand trigram language model for these short context n-grams. It has in fact turned out that only a few biand trigram language model probabilities are requested when rescoring a lattice.
3.1. English conversational speech
International interest in research on the recognition of conversational telephone speech (CTS) started with
the introduction of the Switchboard task in the NIST evaluation in 1997. The goal is to automatically transcribe discussions between two private people on the (cellular) telephone. Collection of the Switchboard data
started in 1992 at Texas Instruments and was then pursued in several phases, mostly in the framework of the
DARPA EARS project.5 Language modeling of conversational speech is a very challenging task due to the
unconstrained speaking style, frequent grammatical errors, hesitations, start-overs, etc. This is illustrated
by the following examples that were extracted from the language model training material:
5

Eﬀective Aﬀordable Reusable Speech-to-Text.

504

–
–
–
–

H. Schwenk / Computer Speech and Language 21 (2007) 492–518

But yeah so that is that is what I do.
I I have to say I get time and I get a few other.
Possibly I don’t know I mean I had one years ago so.
Yeah yeah well it’s it’s.

Language modeling of conversational speech suﬀers from a lack of adequate training data since the main
source is audio transcriptions. In general, newspaper text, a source of large amounts of possible training data,
is not representative for the language encountered in unconstrained human/human conversations. Unfortunately, collecting large amounts of conversational data and producing detailed transcriptions is very costly.
One possibility is to increase the amount of training data by selecting conversational-like sentences in broadcast news material (Iyer and Ostendorf, 1999) and on the Internet (Bulyko et al., 2003). In addition to these
techniques, the neural network language model is used here in order to see if it can take better advantage of the
limited amount of training data. In all experiments on this task, the neural network model was interpolated
with a back-oﬀ model.
We present results corresponding to diﬀerent stages in the development of a conversational telephone
speech recognition system, in particular with respect to the amount of available acoustic and language model
training data. This makes it possible to analyze the improvements obtained by the neural network language
model for diﬀerent amounts of training data (see Section 3.1.2). Finally, the speech recognizer developed for
the NIST 2004 Rich Transcription evaluation is a complex combination of several components from two
research institutes: BBN Technologies in Cambridge and LIMSI–CNRS in France (Prasad et al., 2004). Signiﬁcant word error reductions were obtained for the combined system although the hybrid language model
was only applied to the LIMSI components (see Section 3.1.3). All the neural networks have a 50 dimensional
projection layer and the length of the short-list was set to 2000. The size of the hidden layer was adapted to the
amount of training data (between 200 and 1500 neurons).
3.1.1. Language model training data
The following corpora were used for language modeling:
• CTS transcripts with breath noise (6.1 M words): 2.7 M words of the Switchboard transcriptions provided
by LDC, 1.1 M words of CTRAN transcriptions of Switchboard-II data, 230 k words of cellular training
data, 215 k word of the CallHome corpus transcriptions, 1.7 M words of Fisher data transcribed by LDC
and transcripts of the 1997–2001 evaluation sets.
• CTS transcripts without breath noise (21.2 M words): 2.9 M words of Switchboard transcriptions provided
by the Mississippi State University, 18.3 M words of Fisher data transcribed by WordWave and distributed
by BBN (Kimball et al., 2004).
• Broadcast news transcriptions from LDC and from PSMedia: 260.3 M words.
• CNN transcripts from the CNN archive: 115.9 M words.
• up to 525 M words of web data, collected by the University of Washington (Bulyko et al., 2003).
The last three corpora are referred to as broadcast news (BN) corpus, in contrast to the 27.3 M words of the
CTS corpus (ﬁrst two items of above list). The baseline language model is constructed as follows: separate
back-oﬀ n-gram language models are estimated for all the above corpora and then merged together estimating
the interpolation coeﬃcients with an EM procedure. This procedure usually achieves better results than
directly building a language model on all the data.
3.1.2. Development results
In this section three systems were tested that diﬀer in the amount of acoustic and language model training
data used. These data became available as the EARS project advanced. The ﬁrst system was trained on 229 h of
transcribed speech. The language models were build using 7.2 M words of in-domain data (Switchboard data
only) and 240 M words of broadcast news data. The word list consists of 42 k words. This system is described in
detail in Gauvain et al. (2003). This second system was trained on more than 280 h of transcribed speech. The
language models were build using 12.3 M words of in-domain data (addition of the ﬁrst release of Fisher data)
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Table 3
Perplexities on the 2003 evaluation data for the back-oﬀ and the hybrid LM as a function of the size of the CTS training data
CTS corpus (words)

7.2 M

12.3 M

27.3 M

In-domain data only
Back-oﬀ LM
Hybrid LM

62.4
57.0

55.9
50.6

50.1
45.5

Interpolated with all data
Back-oﬀ LM
Hybrid LM

53.0
50.8

51.1
48.0

47.5
44.2

and 347 M words of broadcast news data. The word list consists of 50 k words. All available data was used to
train the language model of the third system: 27.3 M words of in-domain (complete release of Fisher data) and
901 M words of broadcast news. The acoustic model was trained on 450 h. The word list consists of 51 k words.
The neural network language model was trained on the in-domain data only (CTS corpora). Two types of
experiments were conducted for all three systems:
(1) The neural network language model was interpolated with a back-oﬀ language model that was also
trained on the CTS corpora only and compared to this CTS back-oﬀ language model.
(2) The neural network language model was interpolated with the full back-oﬀ language model (trained on
CTS and BN data) and compared to this full language model.
The ﬁrst experiment allows us to assess the real beneﬁt of the neural language model since the two smoothing approaches (back-oﬀ and hybrid) are compared on the same data. In the second experiment all the available data was used for the back-oﬀ model to obtain the overall best results. The perplexities of the hybrid and
the back-oﬀ language model are given in Table 3.
A perplexity reduction of about 9% relative is obtained independently of the size of the language model
training data. This gain decreases to approximately 6% after interpolation with the back-oﬀ language model
trained on the additional BN corpus of out-of domain data. It can be seen that the perplexity of the hybrid
language model trained only on the CTS data is better than that of the back-oﬀ reference language model
trained on all of the data (45.5 with respect to 47.5). Despite these rather small gains in perplexity, consistent
word error reductions were observed (see Fig. 4).
Although the size of the language model training data has almost quadrupled from 7.2 M to 27.3 M words,
use of the hybrid language model resulted in a consistent absolute word error reduction of about 0.5%. In all
of these experiments, it seems that the word error reductions achieved by the hybrid language model are independent of the other improvements, in particular those obtained by better acoustic modeling and by adding

Eval03 word error rate

28
26

backoff LM, CTS data
hybrid LM, CTS data
backoff LM, CTS+BN data
hybrid LM, CTS+BN data

System 1
25.27%
24.51%

24.09%
23.70%

24

System 2
23.04%
22.32%
21.77%

22.19%

22

System 3

20

19.94%
19.30%
18.85%

19.10%

18
7.2M

12.3M

27.3M

in-domain LM training corpus size
Fig. 4. Word error rates on the 2003 evaluation test set for the back-oﬀ LM and the hybrid LM, trained only on CTS data (left bars for
each system) and interpolated with the broadcast news LM (right bars for each system).
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Table 4
Word error rates on the 2004 development and evaluation set for the LIMSI components of the 2004 BBN/LIMSI CTS evaluation system
System

LIMSI 1
LIMSI 2
LIMSI 3

Dev04

Eval04

Back-oﬀ LM (%)

Hybrid LM (%)

Back-oﬀ LM (%)

Hybrid LM (%)

15.99
14.71
14.94

15.52
14.45
14.64

18.76
17.18
17.33

18.32
16.86
17.06

more language model training data. When only the CTS data is used (left bars for each system in Fig. 4), the
hybrid language model achieves an absolute word error reduction of about 0.8%. Note also that the hybrid
language model trained on at least 12.3 M words is better than the back-oﬀ language model that uses in addition 500 M words of the BN corpus (22.19 with respect to 22.32% for system 2, and 19.10 with respect to
19.30% for system 3).
3.1.3. Results in the 2004 NIST rich transcription evaluation
LIMSI and BBN in Cambridge developed a tightly integrated combination of ﬁve BBN and three LIMSI
speech recognition systems for the 2004 NIST English CTS evaluation (Prasad et al., 2004). The second and
third LIMSI system are not full decodes but perform word lattice rescoring of the lattices generated by the
ﬁrst LIMSI system. All of the LIMSI systems use the hybrid language model. Table 4 summarizes the word
error rates of the three LIMSI components.
It can be seen that the hybrid language model gives an absolute improvement of about 0.5% for the ﬁrst
LIMSI system. There is an additional gain of about 0.3% for the second and third systems, although they
are based on the hypothesis of the ﬁrst system, including system combination with two BBN systems.
In fact, two diﬀerent versions of the hybrid language model were used. For the ﬁrst system, one large neural
network with 1560 hidden units was trained on all 27.3 M words of the CTS data. The interpolation coeﬃcient
of this neural network language model with the back-oﬀ language model trained on all data was 0.5 (optimized
by an EM procedure on the development data). Lattice rescoring with the hybrid language model for this system takes about 0.05xRT. For the second and third system four smaller networks, of dimension 500 and 600
hidden units, respectively, were trained on the same data, but with diﬀerent random initializations of the
weights and diﬀerent random orders of the training examples. It was found that this gives better generalization
behavior than one large neural network with the same amount of parameters. These four neural network language models are interpolated with the back-oﬀ language model (coeﬃcients: 0.14, 0.14, 0.15, 0.15 and 0.42).
Lattice rescoring for these two systems takes about 0.06xRT.
3.2. English broadcast news
In the beginning, the neural network language model was developed speciﬁcally for the CTS task where the
need for better smoothing techniques is important due to the limited amount of in-domain data for this task.
The situation is not the same for the broadcast news task, for which commercially produced transcripts, CNN
transcripts from the Web or even newspaper text seem to be appropriate for language model training, resulting
in large amounts of available data. This made the use of the neural network language model for the broadcast
news task questionable. First, it is quite diﬃcult to train it on more than a billion words (the resampling algorithm was only developed later and it was not applied to this data), and second, data sparseness may be less of
a problem, which is the major motivation for using the neural network language model. It is conceivable that
training a back-oﬀ language model on so much data would give a very good model, that is diﬃcult to improve
upon. In the following sections results are reported showing that the neural network language model is nevertheless quite useful for the broadcast news task.
3.2.1. Language model training data
The reference interpolated four-gram back-oﬀ language model was built from nine component models
trained on subsets of the available text materials including transcriptions of the acoustic BN data (1.8 M
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Table 5
Perplexities on the 2004 development set
LM training data

Back-oﬀ LM

Hybrid LM

Subset (27 M words)
Full corpus (1.9 G words)

148.4
109.9

130.7
105.4

In the second line the full corpus is only used to train the back-oﬀ LM, the neural networks are always trained on the subset of 27 M words
only.

words); transcriptions of the CTS data (27.4 M words); TDT2, TDT3 and TDT4 closed captions (14.3 M
words); commercially produced BN transcripts from LDC and PSMedia (260 M words); CNN web archived
transcripts (112 M); and newspaper texts (1463 M words). The word list contains 65 523 words and has an outof-vocabulary (OOV) rate of 0.48% on the development set of the 2004 NIST evaluations. The interpolation
coeﬃcients were estimated using an EM procedure to optimize the perplexity on the development data. About
450 h of transcribed speech were used to train the acoustic models.
Since the resampling algorithm was developed after these experiments were conducted, we selected a small
27 M word subset that was expected to be representative of the period of the test data: BN transcriptions,
TDT2, TDT3 and TDT4 closed captions and four months of CNN transcripts from 2001. Although this
amounts to less than 2% of the data, the corresponding component language models account for more than
20% in the interpolation for the ﬁnal language model. To further speed-up the training process, four small
neural networks were trained on this data (using the same randomization procedure as for the CTS components). The hidden layers were again of size 500 and 600, respectively, and the short list length was set to 2000.
As can be seen from Table 5, the hybrid back-oﬀ/neural network language model gives a gain of 12% in
perplexity with respect to the back-oﬀ four-gram language model if only the small 27 M word corpus is used.
The interpolation coeﬃcient of the neural language model is 0.6. Using all data for the back-oﬀ language
model only, the gain reduces to 4% relative, with an interpolation coeﬃcient of 0.4.
3.2.2. Results in the 2004 NIST rich transcription evaluation
LIMSI and BBN also developed a joint system for the English broadcast news task of the 2004 NIST evaluation. System combination is performed using cross-site adaptation and the ROVER algorithm (Fiscus, 1997).
BBN runs a two pass decoding (system B1, 2.6xRT), followed by a full LIMSI decode that adapts on this
result (system L1, 2.7xRT). BBN runs then another two pass decode (system B2, 2.1xRT) by adapting on
the ROVER of L1 and B2. Finally, LIMSI adapts to the ROVER of B1, L1 and B2 and runs another full decode
(system L2, 1.8xRT). The ﬁnal result is the combination of L1, B2, and L2. More details of this integrated
system are provided in Nguyen et al. (2004).
Both LIMSI systems use the interpolated neural network/back-oﬀ language model to rescore the lattices.
The results are summarized in Table 6. The hybrid language model achieved a word error reduction of 0.3%
absolute for the L1 system (10.43 ! 10.11%) and of 0.2% for the L2 system (10.07 ! 9.87%). In a contrastive
experiment, the same ROVER combination was performed, but without using the hybrid language model in
LIMSI’s components (see Table 6 ﬁrst line). It is surprising to see that this aﬀects in fact all of the following
runs, i.e., ROVER combinations and cross-site adaptations, resulting in an increase in the word error rate of the
overall integrated system by 0.35% (9.26 ! 9.61%). In summary, the hybrid neural network back-oﬀ language
model achieves signiﬁcant reductions in the word error rate although it was trained on less than 2% of the
available language model training data.
Table 6
Word error rates on the 2004 development set of the diﬀerent components of the RT04 BBN/LIMSI BN system
System

B1

L1

R1

B2

R2

L2

R3

Back-oﬀ LM
Hybrid LM

10.98%

10.43%
10.11%

9.94%
9.78%

10.12%
9.95%

9.68%
9.54%

10.15%
9.87%

9.61%
9.26%

The hybrid LM is used in the LIMSI components only. ROVER System combinations: R1 = B1 + L1, R2 = B1 + L1 + B2,
R3 = L1 + B2 + L2.
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3.3. French broadcast news
Given the high ﬂexional properties of the French language, transcribing French broadcast news is more
challenging than English. This is in part due to the large number of homophones in the inﬂected forms.
The speech recognizer for this task is based on the same core technology as the English system. The primary
diﬀerences between the English and French broadcast news systems are: a 200 k vocabulary to overcome the
lower lexical coverage in French (including contextual pronunciations to model liaisons) and a case sensitive
language model. The acoustic models were trained on about 190 h of broadcast news data. Two versions of the
speech recognizer are used: a classical 7xRT system and a fast 1xRT system. In both systems, the neural network language model is used to rescore the lattices of the last decoding pass. The word list includes 200 k
words for the 7xRT and 65 k words for the real-time system. The OOV rate is 0.40% and 0.95%, respectively
on a development set of 158 k words. Both systems are described in more detail in Gauvain et al. (2005). The
7xRT system was evaluated in the ﬁrst French TECHNOLANGUE-ESTER automatic speech recognition benchmark test where it achieved the lowest word error rate by a signiﬁcant margin (Galliano et al., 2005).
3.3.1. Language model training data
The following resources were used for language modeling:
•
•
•
•

Transcriptions of the acoustic training data (4.0 M words).
Commercial transcriptions (88.5 M words).
Newspaper texts (508 M words).
Web data (13.6 M words).

As before, language models were ﬁrst built separately on each corpus and then merged together. Table 7
summarizes the characteristics of the individual text corpora. Although the detailed transcriptions of the audio
data represent only a small fraction of the available data, they get an interpolation coeﬃcient larger than 0.4.
This shows clearly that they are the most appropriate text source for the task. The commercial transcripts and
the newspaper and Web texts reﬂect less well the speaking style of broadcast news audio, but this is to some
extent counterbalanced by the large amount of data. One could say that these texts are helpful for learning the
general grammar of the language.
Several experiments were performed on this task, using the 7xRT as well as the real-time system. Following
the above discussion, it seems natural to start with training a neural network language model on the transcriptions of the acoustic data only. In the next section the importance of the length of the short-list is ﬁrst analyzed
for the 7xRT speech recognizer with its 200 k word list. We then switch to the real-time system and describe a
series of experiments with diﬀerent amounts of training data, including the use of the data resampling algorithm. Finally, results with the 7xRT system using all data are presented.
3.3.2. Selection of the short-list
In the previous experiments on English BN and CTS, a 65 k vocabulary was used and the short-list was of a
size of 2000. This resulted in a coverage of about 90%, i.e., nine out of ten language model requests were processed by the neural network. The French 7xRT BN system uses a word list of 200 k and consequently larger
Table 7
Characteristics of the text corpora used to build the baseline back-oﬀ LMs for the French BN systems
LM training data

Acoustic transcriptions
Commercial transcriptions
Newspaper texts
Web texts
All interpolated

# Words in training (in M)

4
88.5
508
13.6
614

65 k Word list

200 k Word list

Perpl.

Coeﬀs.

Perpl.

Coeﬀs.

107.4
137.8
103.0
136.7
70.2

0.43
0.14
0.35
0.08
–

117.9
142.5
109.3
141.7
74.2

0.41
0.15
0.35
0.09
–

Perplexity is measured on a development set of 158 k words. The interpolation coeﬃcients were obtained using an EM procedure.
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Fig. 5. Analysis of diﬀerent short-list sizes (7xRT French BN system). Left ﬁgure: coverage and perplexity on the development data. Right
ﬁgure: Coverage and word error on the development data when rescoring lattices.

short-list sizes were investigated. Fig. 5 left shows the coverage and the perplexity of the neural network language model on the development data as a function of the short-list size. In all experiments in this section, the
neural network language model was trained on the transcriptions only and interpolated with the back-oﬀ language model trained on all data. The other parameters are: P = 50 and H = 500. The initial learning rate was
set to 5 · 103 and the weight decay factor to 3 · 105.
It can be clearly seen that a short-list of a length of 2000 is insuﬃcient for this task (the coverage is only
72%) and that better results can be obtained with larger output layers. However, the curves ﬂatten out with
increasing size and a short-list of a length of 12 k was used in most of the experiments. In this case the perplexity decreases from 74.2 with the back-oﬀ model to 71.4. The right part of Fig. 5 shows the results of rescoring the lattices with the hybrid model. The coverage, i.e., the number of language model probability requests in
the lattice performed by the neural network, increases from 72% (short-list length = 2 k) to 88%
(length = 16 k). With 12 k short-lists the word error decreases from 10.74% to 10.51% with an additional
decoding time of 0.11xRT. Longer short-lists do not lead to further word error reductions.
The real-time systems use only a 65 k word list and the short-list length was ﬁxed at 8 k, in particular to
fulﬁll the severe time constraints. The other parameters of the neural network were the same as the ones used
with the 200 k word list. The neural network language model alone achieves a perplexity of 103.0 which is only
a 4% relative reduction with respect to the back-oﬀ model (perplexity = 107.4, see Table 7). If this neural network model is interpolated with the back-oﬀ model trained on the entire training set, the perplexity decreases
from 70.2 to 67.6. The interpolation coeﬃcient for the neural network is 0.28. Despite this small improvement
in perplexity a notable word error reduction was obtained from 14.24% to 14.02%, with the lattice rescoring
taking less than 0.05xRT. In the next sections, it is shown that larger improvements can be obtained by training the neural network on more data. The following experiments were all performed with the real-time system.
3.3.3. Adding selected data
Training the neural network language model with stochastic back-propagation on all of the available text
corpora would take quite a long time. The estimated time for one training epoch with the 88 M words of commercial transcriptions is 58 h, and more than 12 days if all the 508 M words of newspaper texts were used. This
is of course not very practical. One solution to this problem is to select a subset of the data that seems to be
most useful for the task. This was done by selecting six months of the commercial transcriptions that minimize
the perplexity on the development set. This gives a total of 22 M words and the training time is about 14 h per
epoch. One can ask if the capacity of the neural network should be augmented in order to deal with the
increased number of examples. Experiments with hidden layer sizes from 400 to 1000 neurons were performed
(see Table 8).
Although there is a small decrease in perplexity and word error when increasing the dimension of the hidden layer, this is at the expense of a higher processing time. The training and recognition time is in fact almost
linear with respect to the size of the hidden layer. An alternative approach to augment the capacity of the
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Table 8
Performance of the neural network LM and training time per epoch as a function of the size of the hidden layer (1xRT system, ﬁxed six
months subset of commercial transcripts)
Hidden layer size

400

500

600

1000a

Training time per epoch
Perplexity NN LM alone
Perplexity hybrid LM
Word error rate hybrid LM

11 h20
100.5
68.3
13.99%

13 h54
100.1
68.3
13.97%

16 h15
99.5
68.2
13.96%

11 h + 16 h
94.5
68.0
13.92%

a

Interpolation of networks with 400 and 600 hidden units.

Table 9
Performance of the neural network LM and training time per epoch as a function of the dimension of the projection layer (1xRT system,
ﬁxed six months subset of commercial transcripts)
Projection layer dim.

50

60

70

100

120

150

Training time/epoch
Perplexity NN LM
Perplexity hybrid LM
Word error rate hybrid LM

13 h54
99.5
68.2
13.97%

13 h54
99.4
68.2
13.97%

14 h21
98.7
68.1
13.98%

14 h34
98.0
68.0
13.92%

14 h32
97.5
67.9
13.88%

14 h50
97.7
67.9
13.91%

neural network is to modify the dimension of the continuous representation of the words. The idea behind this
is that the probability estimation may be easier in a higher dimensional space (instead of augmenting the
capacity of the non-linear probability estimator itself). This is similar in spirit to the theory behind support
vector machines (Vapnik, 1998).
Increasing the dimension of the projection layer has several advantages as can be seen from the Table 9.
First, the dimension of the continuous word representation has only a small eﬀect on the training complexity
of the neural network since most of the calculations are done to propagate and learn the connections between
the hidden and the output layer (see Eq. (12)).6 Second, perplexities and word error rates are slightly lower
than those obtained when the size of the hidden layer is increased. The best result was obtained with a 120
dimensional continuous word representation. The perplexity is 67.9 after interpolation with the back-oﬀ language model and the word error rate is 13.88%. Finally, convergence is faster: the best result is obtained after
about 15 epochs while up to 40 are needed with large hidden layers.
3.3.4. Training on all available data
In this section the random sampling algorithm described in Section 2.4 is used. We chose to use the full corpus of transcriptions of the acoustic data as this is the most appropriate data for the task. Experiments with
diﬀerent random subsets of the commercial transcriptions and the newspaper texts were performed (see Figs.
6 and 7). In all cases the same neural network architecture was used, i.e., a 120 dimensional continuous word
representation and 500 hidden units. Some experiments with larger hidden units showed basically the same convergence behavior. The learning rate was again set to 5 · 103, but with a slower exponential decay.
First of all, it can be seen that the results are better when using random subsets instead of a ﬁxed selection
of six months. Since the number of examples in one epoch depends on the parameters of the resampling algorithm, Fig. 6 shows the perplexity as a function of the number of examples seen during learning. The best
results were obtained when resampling 10% of the commercial transcriptions. The perplexity is 67.1 after interpolation with the back-oﬀ language model and the word error rate is 13.82% (see summary in Table 10). Larger subsets of the commercial transcriptions lead to slower training, but do not give better results.
Encouraged by these results, we also included the 508 M words of newspaper texts in the training data. The
sizes of the resampled subsets were chosen in order to use between 4 and 9 M words of each corpus. Fig. 7
summarizes the results. Using all the data gives a clear improvement in perplexity, but the particular values
of the resampling coeﬃcients do not appear to be important: the perplexities of the neural network language
6

It is diﬃcult to relate the measured run-time directly to the theoretical number of ﬂoating point operations since the performance
depends also on cache size issues that seem to be more favorable for certain matrix sizes.
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Fig. 6. Perplexity of the neural network LM alone when resampling diﬀerent random subsets of the commercial transcriptions (65 k word
list).
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Fig. 7. Perplexity of the neural network LM alone when resampling diﬀerent random subsets of the commercial transcriptions and the
newspaper texts (65 k word list).

Table 10
Comparison of the back-oﬀ with the neural network LM using diﬀerent amounts of training data (1xRT system)
Training data

Back-oﬀ

Neural network LM

600 M

4M

22 M

92.5 Ma

600 Ma

Training time
Per epoch
Total (max)

–
–

2 h40
80 h

14 h
250 h

9 h40
500 h

12 h
500 h

3 · 12 h
3 · 500 h

Perplexity
NN LM alone
Hybrid LM
Coeﬃcient of NN

–
70.2
–

103.0
67.6
0.28

97.5
67.9
0.26

84.0
66.7
0.37

80.5
66.5
0.40

76.5
65.9
3 · 0.16

Word error rate
Hybrid LM

14.24%

14.02%

13.88%

13.81%

13.75%

13.61%

The perplexities are given for the neural network LM alone and interpolated with the back-oﬀ LM trained on all the data (hybrid LM).
The last column corresponds to three interpolated neural networks.
a
By resampling diﬀerent random parts at the beginning of each epoch.
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models alone converge to a value of about 85. We chose to resample 10% of the commercial transcriptions and
1% of the newspaper texts. The neural network trained on the subset of 22 M words of the commercial transcripts converges after about 16 epochs, i.e., after having seen 350 M examples. The neural networks trained
on all the data need about twice as much time (about 700 M examples). This means that in average each example of the large corpus was seen only once. However, in practice training can be stopped much earlier, i.e.,
after having seen 200–300 M examples, with a small impact on the word error rate (increase by about 0.05%).
Table 10 summarizes the results of the diﬀerent neural network language models. It can be clearly seen that
the perplexity of the neural network language model alone decreases signiﬁcantly with the amount of training
data used. The perplexity after interpolation with the back-oﬀ language model changes only by a small
amount, but there is a notable improvement in the word error rate. This is more experimental evidence that
the perplexity of a language model is not directly related to the word error rate.
The best neural network language model achieves a word error reduction of 0.5% absolute with respect to
the carefully tuned back-oﬀ model. The additional processing time needed to rescore the lattices is less than
0.05xRT. This is a signiﬁcant improvement, in particular for a fast real-time continuous speech recognition
system. When more processing time is available a word error rate of 13.61% can be achieved by using three
neural networks together (in 0.14xRT). If we do not interpolate these neural networks with the back-oﬀ
model, the perplexity is 76.5 and the word error rate 14.30%. This means that it is not interesting to use
the neural network alone for this task.
The experimental results were also validated using the 7xRT speech recognizer. The word error rate of the
reference system using a back-oﬀ model is 10.74%. This can be reduced to 10.51% when interpolating the
back-oﬀ with a neural network model trained on the ﬁne transcriptions only and to 10.20% when the neural
network model is trained on all data using the resampling algorithm. The interpolation coeﬃcient for the
back-oﬀ model is 0.53.
3.4. English and Spanish parliament speeches
The European project TC-STAR is concerned with speech-to-speech translation of European parliament
speeches.7 The main focus is on the translation directions European English to Spanish and vice versa. This
section summarizes the eﬀorts undertaken to build language models for the speech recognition systems for
these languages. In both cases, the main source for language model training are the transcripts of the acoustic
training data (about 700 k words) and the oﬃcial translations of parliament speeches as distributed by the
European Community (about 34 M words per language). Both systems achieved a very good ranking in
the 2006 TC-STAR international evaluation (Lamel et al., 2006). We report here the results on the development
and test set of this evaluation.
3.4.1. European English system
The speech recognizer for the English parliament speeches has a similar architecture to the English broadcast news system. The incorporation of the neural network language model was again performed by rescoring
the ﬁnal lattices. The four-gram back-oﬀ model was trained on 688 k words of transcribed audio data, 33.8 M
words of English parliament speeches and a total of 473 M words of broadcast news data. The neural network
language model was trained on the same amount of data using the resampling algorithm (with weights 1.0, 1.0
and 0.01). A short-list of 4096 words was used, giving a coverage of 82.6% on the development data and of
88.7% when rescoring lattices. The vocabulary has 60 k words, resulting in an OOV rate on the development
data of 0.28%.
The experiments on the French broadcast news system showed that it is advantageous to augment the
dimension of the projection layer instead of the size of the hidden layer in order to increase the capacity of
the neural network. Here this idea is pushed even further and four neural networks are trained independently
and interpolated together. The dimensions of the projection layers were 200, 250, 300 and 350. This approach
is related to Bagging (Breiman, 1994) and random class language models (Emami and Jelinek, 2005). Bagging
aims to improve the generalization performance by combining classiﬁers trained on bootstrap replicates of the
7

Technology and Corpora for Speech to Speech Translation, <http://www.tc-star.org>.
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Table 11
Recognition results for English parliament speeches on the development and evaluation data
LM training data

Perplexity, Dev.
Word error rate, Dev.
Word error rate, Eval.
Lattice rescoring time

Back-oﬀ LM

Neural LM alone

Hybrid LM

507 M

507 M

507 M

106.4
10.84%
9.02%
–

92.5
10.07%
8.45%
0.11xRT

90.2
9.95%
8.18%
0.15xRT

Table 12
Recognition results for Spanish parliament speeches on the development and evaluation data
LM training data

Back-oﬀ LM

Neural LM alone

Hybrid LM

84 M

84 M

84 M

Perplexity, Dev.
Word error rate, Dev.
Word error rate, Eval.
Lattice rescoring time

87.7
10.64%
11.17%
–

81.0
10.09
10.66%
0.25xRT

78.8
10.00%
10.59%
0.28xRT

training data. In random class language models, randomization can be obtained by varying the number of
classes. In our model the dimension of the projection layer is varied. Each of the four neural network achieves
a perplexity of about 103 on the development set, which decreases to 92.5 when they are interpolated together.
The initial learning rate was set to 5 · 103 and the weight decay factor to 3 · 105. All the results are summarized in Table 11.
A relative perplexity reduction of 15% was obtained (106.4 ! 90.2) and the word error rate on the development data improved by as much as 0.89% absolute (10.84 ! 9.95%). This is a signiﬁcant improvement at
this level of performance of the speech recognition system. Since the neural network language model was
trained on the same data as the back-oﬀ model, there is only a small gain when both are interpolated (the coefﬁcient of the neural network is 0.72). Our approach also showed a good generalization behavior: on the evaluation data the same absolute word error reduction was achieved (when interpolation was used).
3.4.2. Spanish system
The speech recognizer for the Spanish parliament speeches has the same structure as the English system.
Data used for the language models are the transcriptions of the audio data (788 k words), the translated European Parliament speeches (36.1 M words) and proceedings of the Spanish Parliament (47.1 M words). The
neural network was trained on all this data, using the resampling algorithm (weights 1.0, 0.2 and 0.2). The
vocabulary consists of 64 k words and the OOV rate on the development data is 0.64%. A short-list of
2000 words was used, giving a coverage of 78.3% on the development data and 80.0% when rescoring lattices.
Four neural networks were trained and interpolated together. The dimensions of the projection layers were
150, 170, 200 and 250. The other parameters of the neural networks are the same as for the English system.
Table 12 summarizes the results.
The neural network language model achieves a relative improvement in perplexity of 10% and a word error
reduction of 0.64% absolute. This gain is smaller than the one obtained on the English system. This may be
explained by the smaller coverage during lattice rescoring and by the fact that the lattices themselves are smaller: for Spanish they have 307 arcs and 550 links in average, while there are 357 arcs and 698 links for the
English system. Also, the gain obtained by interpolating the neural network and the back-oﬀ language model
is quite small (coeﬃcient of the back-oﬀ model is 0.24).
3.5. English lectures and meetings
In this section the design of language models for a speech recognizer for English lectures and seminars is
investigated. This is the most challenging task considered in this paper with respect to several aspects. The
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Table 13
Result summary for English lectures and meetings on the development data
LM training data

Perplexity
Word error rate

Back-oﬀ LM

Neural LM alone

Hybrid LM

84 M

84 M

84 M

122.6
23.5%

117.3
23.2%

107.8
22.6%

research described here was performed in the context of the European FP6 Integrated Project CHIL which is
exploring new paradigms for human–computer interaction.8
The acoustic training material consisted of the CHIL (6.2 h), ISL (10.3 h), ICSI (60 h) and NIST (17.2 h) meeting corpora and the TED corpus (9.3 h), recordings of presentations made mainly by non-native speakers of
English at the Eurospeech conference in Berlin 1993. See Lamel et al. (2005) and references therein for a
detailed description of these corpora. Transcribing lectures and meetings is much more complicated than
broadcast news recognition. Also, there is signiﬁcantly less training data available for acoustic and language
modeling in comparison to our work on conversational speech. The baseline back-oﬀ language models were
trained on the transcriptions of the audio data (1.4 M words) and 20 thousand articles from speech-related
workshops and conferences (46.6 M words). The use of transcriptions of conversational telephone speech
or even broadcast news was not very useful. The word list has 58 k words and the OOV rate is 0.46% on
the CHIL 2006 development data (29 k words).
The resampling algorithm was used to train the neural network on the transcriptions (coeﬃcient 1.0) and
the proceedings (coeﬃcient 0.2). A short-list of 4096 words was used, giving a coverage of 77.1% on the development data and 87.1% when rescoring lattices. As before, several neural networks were trained and interpolated together, varying the dimension of the projection layer between 120 and 250. In the hybrid language
model, i.e., the interpolation of the back-oﬀ and the neural language model, the back-oﬀ language model
has a coeﬃcient of 0.38. The hidden layer of all neural networks was of size 500. On this task, the hybrid language model achieves an absolute word error reduction of 0.9% (see Table 13).
4. Conclusion
In this paper, we have described the theory and an experimental evaluation of a new approach to language
modeling for large vocabulary continuous speech recognition. The principal idea, based on work of Bengio
and Ducharme (2001), is to project the words onto a continuous space and to perform the probability estimation in this space. An important aspect of the success of the new method are the fast algorithms for training
and recognition. Lattice rescoring takes usually less than 0.1xRT so that the neural network language model
can be used in a real-time speech recognizer. The described training algorithms are fast enough to train the
neural network on several million words in a reasonable amount of time. The system was trained on text corpora of up to 600 million words using a resampling algorithm.
The necessary capacity of the neural network is also an important issue. Three possibilities were explored:
increasing the size of the hidden layer, training several networks and interpolating them together, and using
large projection layers. Increasing the size of the hidden layer gave only modest improvements in word error,
at the price of very long training times. In this respect, the second solution is more interesting as the networks
can be trained in parallel. Large projection layers appear to be the best choice as this has little impact on the
complexity during training or recognition.
The neural network language model was thoroughly evaluated on several speech recognition tasks and languages. This has made it possible to cover diﬀerent speaking styles, ranging from rather well formed speech
with few errors (broadcast news) to very relaxed speaking with many errors in syntax and semantics (meetings
and conversations). The three covered languages also exhibit particular properties, French has for example a
large number of homophones in the inﬂected forms that can only be distinguished by a language model. Usually, the neural network language model is interpolated with a carefully optimized baseline back-oﬀ four-gram
8

Computers in the Human Communication Loop, <http://isl.ira.uka.de/chil>.
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model. In this way, signiﬁcant reductions in the word error rate of almost 1% absolute were obtained. It is
worthwhile to recall that the baseline speech recognizers were all state-of-the-art as demonstrated by their
good rankings in international evaluations. It seems therefore reasonable to say that the combination of
the developed neural network and a back-oﬀ language model can be considered as a serious alternative to
the commonly used back-oﬀ language models alone. Despite these good results, we believe that the full potential of language modeling in the continuous domain is far from being attained. In the following discussion we
suggest future directions for research.
Today, unsupervised acoustic model adaptation to the speaker and to the acoustic conditions is common
practice and usually important reductions in the word error rate are observed. Unsupervised adaptation of the
language model has also attracted much attention in the literature, but with far less success than acoustic
model adaptation, at least when used in a large vocabulary continuous speech recognizer. The major problem
is probably the mismatch between the amount of available adaptation data (several hundred words) and the
number of parameters of the language model that need to be adapted (thousands to millions). Among others,
the proposed methods include cache language models (Kuhn and de Mori, 1990), adaptive interpolation of
several language models (Kneser and Steinbiss, 1993), maximum a posteriori (Federico, 1996) or minimum
discrimination information (Federico, 1999), and adaptation methods based on information retrieval methods
(Chen et al., 2001). An interesting summary can also be found in Bellegarda (2000).
The continuous representation of the words in the neural network language model oﬀers new ways to perform constrained language model adaptation. For example, the continuous representation of the words can be
changed so that the language model predictions are improved on some adaptation data, e.g., by moving some
words closer together which appear often in similar contexts. The idea is to apply a transformation on the
continuous representation of the words by adding an adaptation layer between the projection layer and the
hidden layer. This layer is initialized with the identity transformation and then learned by training the neural
network on the adaptation data. Several variants of this basic idea are possible, for example using shared
block-wise transformations in order to reduce the number of free parameters. Note that the continuous representation of all words is transformed, even when they do not appear in the adaptation data. It may be necessary to use several adaptation layers in order to achieve a highly non-linear transformation.
Other interesting extensions of the neural network language model concern the resampling algorithm. We
are going to investigate more sophisticated ways to select diﬀerent subsets from the large corpus at each epoch
(instead of a random choice). One possibility would be to use active learning, i.e., focusing on examples that
are most useful to decrease the perplexity. One could also imagine associating a probability to each training
example and using these probabilities to weight the random sampling. These probabilities would be updated
after each epoch. This is obviously similar to boosting techniques which build sequentially classiﬁers that focus
on examples wrongly classiﬁed by the preceding one.
Finally, we propose to investigate new training criteria for the neural network language model. Language models are almost exclusively trained independently from the acoustic model by minimizing the perplexity on some development data, and it is well known that improvements in perplexity do not necessarily
lead to reductions in the word error rate. Unfortunately, it is quite diﬃcult to use other criteria than perplexity with back-oﬀ language models, although several attempts have been reported in the literature, for
example (Ito et al., 1999; Chen et al., 2000; Kuoi et al., 2002). The neural network language model on the
other hand, uses a cost function that is minimized during training. We will explore a variety of new cost
functions that are well related to the expected word error rate. Another interesting direction is to train the
language model on output produced by the speech recognizer instead of on raw texts. A particularly interesting candidate are consensus networks since they actually include competing words. The goal would be to
train a model to discriminate between the words in a consensus block so as to minimize the expected word
error rate.
The underlying idea of the continuous space language model described here is to perform the probability
estimation in a continuous space. Although only neural networks were investigated in this work, the approach
is not inherently limited to this type of probability estimator. Other promising candidates include Gaussian
mixture models and radial basis function networks. These models are interesting since they can be more easily
trained on large amounts of data than neural networks, and the limitation of a short-list at the output may not
be necessary. The use of Gaussians makes it also possible to structure the model by sharing some Gaussians
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using statistical criteria or high-level knowledge. On the other hand, Gaussian mixture models are a non-discriminative approach. Comparing them with neural networks could provide additional insight into the success
of the neural network language model: is it the continuous representation or rather the discriminative probability estimation that is the key to improving upon the traditional back-oﬀ language models?
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Schwenk, H., Déchelotte, D., Gauvain, J.-L., 2006. Continuous space language models for statistical machine translation. In: Proceedings
of the COLING/ACL 2006 Main Conference Poster Sessions. pp. 723–730.
Stolcke, A., 2002. SRILM - an extensible language modeling toolkit. In: Proceedings of International Conference on Speech and Language
Processing. pp. II: 901–904.
Vapnik, V., 1998. Statistical Learning Theory. Wiley, New York.
Wang, W., Stolcke, A., Harper, M., 2004. The use of a linguistically motivated language model in conversational speech recognition. In:
Proceedings of International Conference on Acoustics, Speech, and Signal Processing. pp. 261–264.
Xu, P., Mangu, L., 2005. Using random forest language models in the IBM RT-04 CTS system. In: Proceedings of Eurospeech. pp. 741–
744.
Xu, W., Rudnicky, A., 2000. Can artiﬁcial neural networks learn language models? In: Proceedings of International Conference on Speech
and Language Processing. pp. I:202–205.

