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Abstract—In daily life, automatic speech recognition is one of the aspect which is widely used for security system. To convert speech into text
using neural network, Language model is one of the block on which efficiency of speech recognition depends. In this paper we developed an
algorithm to convert Neural Network Language model (NNLM) to Back-off language model for more efficient decoding. For large vocabulary
system this conversion gives more efficient result. Efficiency of language model depends on perplexity and Word Error Rate (WER)
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I.

INTRODUCTION

In everyday people need key access for different security
application. Speech recognition is one of the key contexts for
security purpose. In preceding few decades speech recognition
becomes very beneficial for security purpose. There is various
method or technique of speech recognition but decoding with
neural network become popular in last decade. Language
modeling is very chief aspect developed in field of speech
recognition.. State of the art decoders for automatic speech
recognition generally utilize back-off
n-gram language
models in decoding . a back off n-gram language model P(ώ|h)
takes form

P(ώ|h)=
Where w is the current word; h is the history or last n-1
words; h’ is the truncated history obtained by dropping the first
word in h ; and α(h) is a back-off weight that enforces
normalization. The set P contains the n-grams for which we
keep explicit probability estimates
; all other n-gram
probabilities are computed by backing off to a lower order
estimate. The distribution
as well as lower-order
distributions are represented in similar fashion. Since the
majority of probabilities are evaluated using back-off estimates,
the model can be represented with a modest number of
parameters
. Back-off language models have been
expansively studied, and very efficient decoding systems have
been developed.
Generally, language models are a precarious factor in many
speech and language processing technologies, like speech
recognition and accepting, voice searching, informal interaction
and machine conversion. In last few decades, several advanced
language modeling ideas have been proposed. Some of the
methods have engrossed on incorporating linguistic
information such as composition and semantics whereas others
have focused on crucial modeling and parameter estimation
performances. While incredible growth has been made in
language modeling, n-grams are still very much the state-ofthe-art due to the ease of the model and worthy performance
they can achieve. Language models play a significant role in

large vocabulary speech recognition and statistical machine
translation systems.
Recently, a novel approach has been developed that carry
out the estimation task in a continuous space model. The basic
concept is to project the word indices onto a continuous space
and to use a probability estimator operating on this space. The
resulting probability functions are plane functions of the word
representation, better generalization to unidentified n-grams
can be predictable.
Type Therefore, we propose a hierarchical implementation:
starting from a lower order NNLM, we grow back-off models
of successively higher order using higher-order NNLMs. At
each level, n-gram histories are restricted to those retained in
the lower-order language model, thereby making the overall
pruning computation manageable. Note that this is similar to
algorithms for ―growing‖ variable length n -gram models [10].
Neural network LMs were introduced in [4], [5] as a means to
improve discrete models. Standard n-gram back-off LMs rely
on a discrete representation of the vocabulary, where each word
is associated with a discrete index. In contrast, NNLMs are
based on the idea of a continuous word representation, where
each word is associated with a real-valued feature vector. In
this continuous space, distributionally similar words are
neighbors. Thus n-gram distributions are expressed as a smooth
function of the word representation, and can take into the
account underlying similarities between words.
II.

LITRETURE REVIEW

Several approaches for building varigram models have been
presented.
Ebru Arisoy, Stanley F. Chen, Bhuvana Ramabhadran and
Abhinav Sethy entitled ―Converting Neural Network Language
Models into Back-off Language Models for Efﬁcient Decoding
in Automatic Speech Recognition‖[1] gives the result
conversion of back-off language model up-to 4-gram.
We already mentioned a recent one [2]. Naturally, also
various methods for clustering the model units have been
developed.
During the last years there has been growing interest in
using neural networks for language modeling. In contrast to the
well known back-off n-gram language models[],the neural
network approach attempts to overcome the data sparseness
problem by performing the estimation in a continuous space.
This type of language model was mostly used for tasks for
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which only a very limited amount of in-domain training data is
available. In this paper they present new algorithms to train a
neural network language model on very large text corpora. This
makes possible the use of the approach in domains where
several hundreds of millions words of texts are available. The
neural network language model is evaluated in a state-of-the-art
real-time continuous speech recognizer for French Broadcast
News. Word error reductions of 0.5% absolute are reported
using only a very limited amount of additional processing time.
Holger Schwenk [4] entitled ―Continuous space language
models‖ describes the usage of a neural network language
model for huge 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 stateof-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 method is compared to four-gram backoﬀ 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.
T. Mikolov, S. Kombrink, L. Burget, J. Cernocky, and S.
Khudanpur[7] entitled ―Extensions of recurrent neural network
language model,‖ compared Recurrent vs feedforward neural
networks. Recurrent networks have possibility to form short
term memory, so they can better deal with position invariance;
feedforward networks cannot do that.Also, recurrent networks
can learn to compress whole history in low dimensional space,
while feedforward networks compress (project) just single
word. In recurrent networks, history is represented by neurons
with recurrent connections history length is unlimited. In
feedforward networks, history is represented by context of N- 1
words.it is limited in the same way as in N-gram backoff
models.
III.

NEURAL NETWORK LANGUAGE MODEL

In neural network language models [2], [3], [4], a neural
network is used to estimate language model probabilities. The
input to the neural network is the words in the history and the
output is a probability distribution over the predicted word.
Input words are projected into a continuous multi-dimensional
feature space, after which n-gram probabilities can be
computed in a straight- forward fashion from the network. The
expectation is that words that are semantically or
grammatically related will be mapped to similar locations in the
continuous space, allowing NNLMs to generalize well to
unseen n-grams.

Figure:Architectur of Neural network language model
A typical NNLM consists of input, projection, hidden and
output layers. Fig. 4.4 shows the architecture of a feed-forward
neural network language model, following the notation given in
[4]. Each word in the input vocabulary (containing words) is
represented by an n-dimensional sparse vector where the entry
corresponding to the index of that word is 1 and the rest of the
entries are 0. The discrete representations of each of the n-1
previous words in the history are concatenated to form the
input to the network. Each history word is then mapped to its
continuous space representation (of dimension P) using a
shared linear projection, an N xP matrix where the ith row of
the matrix contains the continuous space feature representation
of the ith word in the vocabulary.Equations.
IV. NNLM INTO A BACK-OFF LANGUAGE MODEL
For a language model to be expressed compactly as a
back-off model, the probabilities of most n-grams must be
proportional to their back-off probabilities (corresponding to
the term α(h)P(w|h’) in Eq. 1. This property does not hold for
NNLMs, so to represent NNLM probabilities exactly over the
output vocabulary requires |V|n-1 x |Vo| parameters in general,
where V is the complete vocabulary. However, if the
background language model in Eq. 2 is a back-off language
model, we can take advantage of its structure to represent the
overall NNLM as a back-off model. Substituting Eq. 1 for
PBLM(w|h) in Eq. 1, we obtain

P(w|h)=
While we can represent the overall NNLM as a back-off
model exactly, it is prohibitively large as noted above. The
technique of pruning can be used to reduce the set of ngrams P for which we explicitly store probabilities P(w|h) .
In this paper, we use entropy-based pruning [9], the most
common method for pruning back-off language models.
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pruned back-off NNLM. Note that the proposed hierarchical
approach lets us use lower-order NNLMs for backing off and
same-order conventional language models for smoothing zero
probability events.
IV.

RESULT

In this section, the experimental results are given only
for the approach where lower-order NNLM probabilities are
extracted from lower-order NNLMs trained on the text data.
The alternative approach where lower-order NNLM
probabilities are computed from the 4-gram NNLM by only
setting the activations for lower-order histories yields similar
results. We ﬁrst investigate the effect on perplexity of
converting a NNLM into a back-off language model. Fig. 8.1
shows the held-out set perplexity for NNLMs of various order
(up to 6-gram, solid lines) as well as for the corresponding
back-off language models (up to 4-gram, dashed lines).
NNLM Weight Metric
5
4.5
4

A naive implementation for converting a NNLM into a
back-off model is to build the entire unpruned n-gram model
Eq. 4 before performing pruning. However, this is impractical
for vocabularies of any reasonable size; e.g., if |V|, |Vo|>10 K
words, an unpruned 4-gram model contains at least 106 n grams. To make pruning tractable, we propose a hierarchical
algorithm where we build pruned models of increasingly higher
order, and use the pruned lower-order models to constrain
which n-grams are considered in the next higher-order model.
In particular, given a pruned (m-1)-gram model, we only
consider m-grams of the form for that belong to the lowerorder model. All other m-grams are automatically pruned, or
more accurately, never added to the model in the first place.
Given this restriction, we need only consider K x |Vo| m-grams
for pruning at a given level if there are items in the pruned
lower-order model.
We outline the complete process for converting a 4-gram
feedforward NNLM into a 4-gram back-off language model in
Fig. 2. First, 2-gram, 3-gram and 4-gram NNLMs and
conventional language models (CLMs) are built from the
training data. Alternatively, 2-gram and 3-gram NNLM
probabilities are computed from the 4-gram NNLM instead
of training these models (shown with the dashed lines in Fig.
2). Our hierarchical implementation starts from 2-grams. We
use Eq. 4 to combine the 2-gram NNLM with the background
2-gram CLM, giving us a 2-gram back-off NNLM. This model
is quite large, containing |V| x |Vo| 2-grams, not including 2grams coming from the background CLM. We apply entropybased pruning, producing a 2-gram pruned back-off NNLM.
The size of this model is determined by a pruning threshold. To
create the 3-gram background language model, we append the
3-grams from the 3-gram CLM to the 2-gram pruned back-off
NNLM and recompute the α(h) ’s to renormalize the model.
Then, we repeat this procedure until the highest-order pruned
back-off NNLM is obtained. When creating the initial back-off
model for 3-grams and above, we add only n-grams from the
NNLM that are extensions of n-grams found in the lower-order
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Figure: Plot of neuron count Vs weight metric
N-grams

Entropy

Wieght Error

1

10

220.2647

2

10

2202647

3

4

0.54598

4

2

0.073891

5

1

0.027183

6

1

0.02783

Table: Entropy and Wieght Error for each N-gram
Above result is calculated for 72M neuron points. Here also as
value of n-gram increses WER decreases. All models are
trained on the smaller 72M word training set. We do the
conversion for only up to 6-grams since this is the highestorder model we use in ﬁrst-pass decoding. In addition, we show
results for before and after these models are interpolated with
the baseline 4-gram language model. Before interpolation with
the baseline, the 4-gram NNLM yields a better perplexity than
the baseline, while the back-off NNLM with 202M n-grams is
a little worse and the back-off NNLM. After interpolation, the
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perplexities of both back-off NNLMs are signiﬁcantly better
than the baseline, with the original NNLM achieving lower
perplexities then its back-off counterparts.
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