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Abstract
In this paper, a method is proposed which embeds regular gram-
mars into an N-gram Markov language model. This allows ac-
curate speech recognition even for N-gram models estimated
on sparse grammatical word sequences. Moreover, it allows
explicit user-dependent modelling of word sequences, such as
phone numbers, email addresses or US ZIP codes, separately
from the Markov model.

The method is theoretically described along with a feasible
implementation overview. More precisely, a language model
preprocessing step generalizes the enclosed grammatical word
sequences during language model learning. These grammars
are embedded during speech decoding by using a novel trans-
ducer nesting technique. The Wall Street Journal corpus was
used to evaluate the proposed method. We achieved a word er-
ror rate reduction of 31.1%. A computational environment was
used, which is typical for car head units or mobile devices.
Index Terms: Embedded speech recognition, embedded gram-
mars, Markov language models, transducer nesting.

1. Introduction
The use of grammars is typical for various speech enabled ap-
plications like voice destination entry or voice controlled car
head units etc. It is desirable to embed such grammars into nat-
ural sentences for a more intuitive human-machine interaction.
Whereas grammars are well suited for structured informations,
Markov models are suited for natural languages.

An introduction can be found in [1]. Lucian Galescu et
al. describe the use of grammars to generate word N-grams
along with an interpolation method for language model learn-
ing with sparse in-domain data [2]. An explicit combination
of grammars with Markov models was proposed by Moore et
al. [3] and Ward & Young [4]. This idea was refined by John
Gillett & Wayne Ward [5]. Alexis Nasr et al. describe the use
of local models in a general model using finite state automata
[6]. A system with transducers was proposed by J.Schalkwyk
et al. [7], J.G.A. Dolfing et al. [8] and by M. Mohri [9]. Ye-
Yi Wang et al. propose to unify grammars and word N-gram
models for both speech recognition and spoken language under-
standing [10]. Composing word loop grammars and a Markov
model leads to word class Markov models. An introduction to
class based N-gram models can be found in [11], [12]. Fabio
Brugnara and Marcello Federico proposed a hierarchical lan-
guage model [13]. Using part of speech statistics for class based
language models was proposed by C. Samuelsson & W. Reichl
[14]. The use of finite state transducers to handle class lan-
guage models and a dynamic vocabulary was recently proposed
by Paul R. Dixon et al. [15].

We propose to embed grammars intoN -gram Markov mod-
els in the sense of a class Markov model using a transducer nest-
ing technique during speech decoding. The use of grammars

allows to learn generalized Markov models for accurate speech
recognition, even for N-gram models which are estimated on
sparse data. This is relevant for developing new applications
without the need for expensive and time-consuming data col-
lections. Furthermore, the proposed transducer nesting tech-
nique allows a late customization with exchangeable grammars
as well as the integration of user-dependent knowledge, too.

The idea is theoretically described in Section 2. Section 3
presents a preprocessing which is used to embed grammars into
Markov models. The proposed weighted finite state transducer
based speech recognizer uses a transducers nesting technique
during speech decoding as described in Section 4. Section 5
evaluates the proposed method on the Wall street journal task
[16]. The results show a significant improvement with the pro-
posed method. The used computational environment is compa-
rable with typical car head-units or mobile phones.

2. Conceptual framework
The idea is to improve speech recognition with grammatical
word sequences. We propose to embed those regular grammars
into a common N -gram Markov model.

Consider a set of K grammars over vocabulary W . Each
grammar can accept a set of word sequences in Sk ⊆ W ∗,
where ∗ denotes the Kleen star operation. As an example, let
S1 be the set of all natural numbers and let S2 be the set of all
proper names. Let SK be the union of all word sequences:

SK =

K⋃

k=1

Sk ⊆W ∗.

Each Sk is associated with one grammar tag tk ∈ T with K =
|T | and T ∩W = ∅. A replacement function R is defined that
replaces a word sequence of Sk with its corresponding grammar
tag tk. The definition of R is given as follows:

R :W ∗ → ((W ∪ T )∗\SK)∗.

R is evaluated twice: once during language model development
and once during speech decoding. As an example, R can be
used to replace each natural numbers from S1 in a text corpus
with its corresponding grammar tag ”< NUMBER >”. This
is done as a preprocessing step during language model develop-
ment as described in Section 3. Further on, each grammar tag
”< NUMBER >” has to be evaluated with its concrete gram-
mar during speech recognition. This, along with the desire for
late customization, requires a grammar embedding technique
during runtime. Section 4 details the proposed technique which
nests transducers during speech decoding.

The fundamental formula of speech recognition computes
the most probable word sequence ŵ given a sequence of speech
features x. A detailed introduction can be found in [17], [1].
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Here, the formula becomes:

ŵ = argmax
w∈W∗

P (x|w)P (R(w)),

where P (x|w) denotes the acoustic model. P (R(w)) denotes
the proposed language model for a word sequence w ∈W ∗.
Typically, N -gram Markov language models are learned form a
corpus C ⊆ W ∗ using each sentence R(w), ∀w ∈ C. Hence,
each word sequence of Sk in R(w) is considered to be one
token which denotes its corresponding grammar tag. This re-
quires an additional conditional probability for those tokens. Pk
is the conditional probability for a word sequence in Sk which
was replaced by R with a token tk. The conditional probability
is 1 for all other cases so that a common word N -gram is mod-
elled. It can be shown that the overall model is normalized, if
R is functional and injective. In this case, each word sequence
in SK is uniquely associated with one class. We summarize the
proposed language model as follows:

P (R(w)) =
|R(w)|∏
i

P (R(w)i|R(w)i−N+1:i−1)·
{
Pk(wm:n) ∃m,n : R(wm:n) = R(w)i = tk
1 else.

Here, Pk is a stochastic grammar with uniformly distributed
probability. This is common for speech recognition with gram-
mars. We use Kneser–Ney discounting for the N -gram lan-
guage models [18].

The proposed language model can be regarded as a gener-
alization of word class N -gram models. Here, a class can be
associated with a list of word sequences rather than a list of
words. An overview of word class N -gram language models
is described in [11]. Let F be a function which assigns each
word wi with a unique class F (wi). The conditional probabil-
ity PF (wi) computes the probability that a word wi occurs in
F (wi). The word class language model is given as follows:

P (w) =

|w|∏

i

P (F (wi)|F (wi−N+1)...F (wi−1)) · PF (wi)(wi).

3. Language model development
A preprocessing step is used to replace the grammatical word
sequences form a text corpus with its corresponding grammar
tag. The replacing functionR is applied for each sentence in C:

C′ = {w ∈ ((W ∪ T )∗\SK)∗|∃w′ ∈ C : w = R(w′)}.

C′ is then used for N-gram language model learning. The re-
quired amount of grammatical word sequences in C which is
needed to improve speech recognition was evaluated in Section
5. We observed that sparse grammatical word sequences are
sufficient.

R can be computed in various ways. We propose to com-
pute R with a finite state transducer as motivated in [19]. Let S
be a set of tuples (U, t) which associates each set U ⊆ SK with
a corresponding grammar tag t ∈ T as follows:

S = {(U, t)|∃k : U = Sk ∧ t = tk}.

The transducer used to compute R represents the relation be-
tween word sequences in Sk and grammar tags tk. Further, all
remaining sequences are related with itself.

We assume that each sentence in SK is unique, hence
|SK | =

∑
k |Sk|. Nevertheless, there could still be ambiguity

between partial sentences. In this case, we choose the longest

word sequence which can be produced by the smallest grammar.
Hence, we choose the following word sequence:

ŵ = min
k≤K

(argmax
w∈Sk

(w)).

Where max/min is the sequence with the maximal/minimal
number of words. This leads to a recursive description of R
which is R : w 7→ R′(o, i, j). The computation starts with
an empty result word sequence o = ∅, the word wi=1 and a
word sequence length of j = 1 which will be looked up in SK
for i + j ≤ |w|. Four different cases have to be considered:
First, no initial part of any word sequence in SK was observed.
Second, a word sequence in SK was partly observed. Third,
a complete word sequence in SK was observed and can be re-
placed with its corresponding tag symbol. Fourth, the remaining
word sequence will not match any word sequence in SK . Let +

be the Kleen star operation with at least one word. R′ can be
formulated as follows:

R′(o, i, j) =



R′(owi:j , i+ j, 1) ∃v ∈W+ : wi:jv /∈ SK
R′(o, i, j + 1) ∃v ∈W+ : wi:i+jv ∈ SK
R′(ot, i+ j, 1)

{
∃(U, t) ∈ S : wi:i+j−1 ∈ U
wi+j /∈ U

owi,|w| else.

We propose to solve this by using an extended finite state
transducer implementation. Usual transducer implementations
are using a global declared function which compares the input
word with the word given on a transition [20]. If a match occurs,
the output word from the corresponding label is generated. This
construction would require to know all words in advance.

The transducer which we propose in this paper declares a
local function IN :W 7→ {0, 1} along with an output function
OUT : W 7→ W ∪ T for each transition. Furthermore, the
input word is shared over the input and output function. This
enables a transducer construction which is robust against un-
known words. Every time an input function evaluates to 1, the
corresponding output is computed and the new state and set of
transitions can be evaluated as usual. This transducer is well
suited for computing R, because just the vocabulary of SK has
to be known. All other words are treated equally and are passed
through to the output.

4. Decoding with embedded transducers
We propose to embed grammars during speech decoding using a
technique which nests transducers during runtime. This is done
on the fly, each time when a grammar tag in the search network
is reached.

A common N -gram language model can be represented as
a weighted finite state automaton G. Further on, there is a lex-
icon transducer L which represents the relation (P ×W )∗ be-
tween sequences of phonemes P and wordsW . The context de-
pendence of phonemes is modelled in transducer C. The static
search network used in this paper is computed as:

M ′ = min(det(C ◦ L ◦G)),

where ◦ denotes the composition operator [21]. min and det de-
note the transducer operators for minimization and determiniza-
tion [22]. L and C are similar for each search network. The
hidden Markov model H is then used to compute the probabil-
ity for each phoneme sequence given a sequence of speech fea-
tures [23]. The composition of the hidden Markov models and
the network M ′ results in the overall search network M . This
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last composition is done on–the–fly along with the cross-word
computation as motivated by T. Hori et al. [24], [25] and further
improved by J.W. McDonough et al. [26] and C. Allauzen et al.
[27], [28].

The proposed technique uses a static search network G′

which represents the N -gram language model P (R(w)). Fur-
thermore, there is a transducerG′k for each grammarGk. Every
time a tk output word inG′ is reached, G′k has to be embedded.
This could be achieved using the weighted finite state transducer
replacement operator as a preprocessing step [23]. Alternatives
can be found in [7] or [9]. The proposed technique in this paper
embeds the transducer G′k during speech decoding in G′ with
negligible additional computational cost.

A detailed introduction to speech decoding can be found
in [29]. Here, a token passing time synchronous Viterbi beam
search is used [30]. The search strategy requires a topologically
sorted search network for the proposed hierarchical transducer
nesting. Source and destination states of transitions with tk out-
put labels are marked. Those transitions have a δ input label, in
order to prevent eliminations during determinization and min-
imization. The transducer G′k which corresponds to tk is em-
bedded using an ε transition, if a marked state is reached. If
a final state in G′k is reached, an ε transition is taken back to
the original transducer. This procedure requires just moderate
modification in typical transducer frameworks. A schematic is
given in Figure 1. The states S1 to S6 are states in G′ which

Figure 1: Schematic Embedded transducer decoding.

could represent an N -gram language model. When state S2

is reached during decoding, the transducer G′T is embedded in-
stead of the ”δ : T/0” transition between state S2 and S5. State
S2 is connected with an ε : ε/0 transition with the initial state
T 1 of G′T . An ”ε : ε/0” transition connects the final state T 2

with S5. Here we see, that a δ transition between S2 and S5

is required to protect S5 during determinization and minimiza-
tion, analogously. G′E is embedded between state S3 and S6

when S3 is reached. Each transition with a δ input is omitted
by the Viterbi search.

This nesting technique is applicable on devices with limited
hardware without consuming much computational power and
time. However, it can also introduce indeterminism. Each trans-
ducer is deterministic and minimal, but the proposed transducer
nesting method is a local operator without considering neigh-
bouring states and transitions. It might happen during search,
that identical word hypotheses from various embedded gram-
mars are active. Thus, a wider beam is required in order not
to exclude other hypotheses. This effect is moderate for small
|SK | and well predictable terms in Sk.

5. Evaluation
The proposed technique is evaluated using the Wall Street Jour-
nal task described in [16]. A computational environment with

limited hardware resources was used which is typical for car
head units or mobile phones. The acoustic model was evalu-
ated with integer values and no advanced acoustic adaptation
technique was applied (such as MLLR etc.). Both the acoustic
and language models have to be as small as possible. The SRI
Language Model toolkit [31] was used to learn the 5000 word
2-gram language models for our research experiments.

The intention of our proposed technique is to improve
speech recognition with specific grammatically given language
knowledge. For this purpose, we chose a corpus with which we
can simulate various grammar coverage. Five grammars were
used to evaluate the proposed method on the Wall street jour-
nal corpus. Each grammar represents one of the following sets.
The set of all monetary terms is denoted with S$ and the set
of percentages is denoted with S%. Sκ denotes the set of ab-
breviations. Table 1 gives a detailed definition in Backus–Naur
Form. We have also evaluated a statistical N -gram estimation

Table 1: Overview of grammars in Backus-Naur Form

〈NUM〉 ::= 〈num〉 [‘point’ 〈num〉][‘comma’ 〈num〉]
〈num〉 ::= ‘one’ 〈num〉 | ‘two’ 〈num〉 | ... | 〈empty〉
〈MONETARY〉 ::= 〈NUM〉 ‘dollar’ | 〈NUM〉 ‘cent’ |

...

〈PERCENT〉 ::= 〈NUM〉 ‘percent’

〈ABBREVIATION〉 ::= 〈Letter〉 | 〈ABB〉
〈Letter〉 ::= ‘A.’ 〈Letter〉 | ... | 〈empty〉
〈ABB〉 ::= ‘SVOX’ | ...

for abbreviations, which results in a slightly degraded speech
recognition accuracy over all experiments. The set of Months is
denoted with Sµ and Sη denotes the set of Weekdays. Further,
let S′i ⊆ Si with i ∈ {$,%, µ, η, κ} be the observable portion
of Si in the test corpus. Each set can be used alone or in combi-
nation with others. Here, there are 32 =

(
5
1

)
+
(
5
2

)
+
(
5
3

)
+
(
5
4

)
+1

combinations. Let π be one arbitrary combination. This defines
the set Sπ , S′π as follows:

Sπ =
⋃

∀i∈π
Si and S′π =

⋃

∀i∈π
S′i.

We use S′π to adjust various grammar coverages in the text cor-
pora which is then used for language model learning. This way,
we can simulate a realistic application related environment. The
corpus Cπ includes each sentence of C which did not contain
any term form S′π:

Cπ = {w ∈ C|@m,n : wm:n ∈ S′π}.

Each corpus Cπ was used to learn a language model for a tradi-
tional speech recognizer. The proposed technique in this paper
requires one further step. R is applied which replaces every
term of Sπ with a corresponding grammar tag:

C′π = {w ∈ ((W ∪ T )∗\Sπ)∗|∃w′ ∈ Cπ : w = R(w′)}.

Then, a language model for each C′π was learned, too. Both the
N -gram model and grammar of Sπ were then used to evaluate
the proposed technique by means of recognition accuracy.

In addition, we define the corpus size as the number of sen-
tences in percent compared with the original corpus. Let the
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grammar coverage for Cπ be defined as the percentage of sen-
tences which contain a term from Sπ:

100 · |{w ∈ Cπ|∃m,n : wm:n ∈ Sπ}|
|Cπ|

.

The test corpus has a grammar coverage between 3.64% and
40.61% depending on the considered Sπ . Using different S′π
for Cπ causes a tag coverage between 6, 72% and 36, 44%.

Best recognition accuracy is achieved if the grammar cov-
erage in Cπ is high while the coverage in the test corpus is low.
Conversely, the error rate increases if the grammar coverage in
Cπ is low while the coverage in the test corpus is high. In this
way we obtain a word error rate of 19.3%. We expected that
this last mentioned effect can be reduced by using the proposed
technique in this paper. This has been confirmed by the exper-
iments, where a word error rate of 13.3% was achieved with a
low grammar coverage of 6.72% as presented in Figure 2.

Figure 2: Using grammar 2-gram models reduce word error
rate by up to 31, 1% for 6.72% grammar coverage. No im-
provements achieved for well grammar coverages of 36.44%.

Another aspect next to grammar coverage is the corpus size,
which was used to learn the language model. We expected an
increasing error rate for a decreasing corpus size. The proposed
technique could as well prevent this deterioration as can be seen
in Figure 3.

Figure 3: The corpus size is reduced with various grammar cov-
erages. The word error rate could be reduced from 19.3% to
13.3% using a grammar 2-gram model for small corpora.

Finally, we analyze the influence of the corpus size for con-
stant grammar coverage. We present two use cases in this paper.
In the first case, the grammar coverage is good, with 36.44%.
Here, no further improvements could be achieved. The cor-
pus was randomly shrunk for each speech recognition experi-
ment. No improvements were observed for various corpus sizes

Figure 4: No improvement achieved for a constant grammar
coverage of 36.44%. The word error rate increases with a po-
tential dependence for randomly shrunk corpus.

which can be seen in Figure 4. In the second case, the gram-
mar coverage is low (6.86%±0.22% variance). Here, an im-
provement could be achieved using the proposed technique for
large corpora. The result was a 6% reduction in word error
rate form 19.3% to 13.3%. The achievement is still observable
for small corpora, although the relative improvements decrease
in this case. The traditional system has a word error rate of
27.0% using a word 2-gram language mode, while the proposed
technique with the proposed grammar 2-gram model achieves
23.5% word error rate. The results are shown in Figure 5.

Figure 5: A constant grammar coverage of 6.86% lead to a
relative word error rate reduction from 31.1% to 11.5% for a
randomly shrunk corpus.

6. Conclusions
We proposed a method which generalizes N-gram Markov lan-
guage models with regular grammars. For this, grammatical
word sequences were generalized during language model learn-
ing. The suitable grammars are then embedded dynamically
during speech decoding using a transducer nesting technique. It
is feasible to use universal, application-independent grammars
or user-dependent grammars.

We have shown that the proposed method can improve
speech recognition on the Wall Street Journal corpus. Espe-
cially, when grammatical word sequences were poorly learnable
in an N-gram model due to sparseness or long-range dependen-
cies. A computational environment with limited hardware was
used which allows a realistic evaluation for the use in car head-
units or mobile devices. An improvement from 19.3% to 13.3%
word error rate was achieved.
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