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Abstract. In this work, we explore the integration of hierarchical Lan-
guage Models (HLMs) in different modules of a Spoken Dialog System.
First of all, HLMs are integrated into the Automatic Speech Recognition
system. In order to carry out this integration, within the recognition
process, finite-state machines were considered. This approach was com-
pared to a two step decoding process in which HLMs are used to rescore
a graph. Then, HLMs were also used for Language Understanding (LU)
purposes. Two architectures were compared theoretically and empirically
in both ASR and LU modules.
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1 Introduction

In a classical pattern recognition problem the maximization of posterior proba-
bility P (w̄|x̄) allows to get the most likely sequence of symbols w̄, that matches
a given sequence of input observations x̄, according to eq (1).

ˆ̄w = argmax
w̄

P (w̄|x̄) = argmax
w̄

P (w̄)P (x̄|w̄) (1)

Automatic Speech Recognition (ASR) is a classical pattern recognition problem
in which the term P (w̄) corresponds to the prior probability of a word sequence
and it is commonly estimated by a Language Model (LM), while P (x̄|w̄) is
estimated by an Acoustic Model (AM), typically a Hidden Markov Model.

If we focus on P (w̄), word n-gram LMs are the most widely used approach in
ASR systems. However, a large amount of training material, that is not always
available, is needed to get a robust estimations of the parameters of such mod-
els. Therefore, different alternatives like Hierarchical Language Models (HLMs)
based on classes of phrases could be adopted. This approach has been success-
fully employed in ASR systems for restricted domain applications [6]. However,
the integration of this kind of complex models into the ASR system is an im-
portant issue that has to be solved. Usually, decoders can deal with standard
word-based LMs, but when complex LMs need to be used two possible alter-
natives can be considered: 1) a decoupled architecure consisting of a two-step

� This work has been partially supported by the Gov. of the Basque Country under
grant IT685-13 and by the Spanish CICYT under grant TIN2011-28169-C05-04.

J. Ruiz-Shulcloper and G. Sanniti di Baja (Eds.): CIARP 2013, Part I, LNCS 8258, pp. 496–503, 2013.
c© Springer-Verlag Berlin Heidelberg 2013



Hierarchical Models for Rescoring Graphs vs. Full Integration 497

process with a word graph rescoring [9,2] or 2) an integrated architecture where
the decoder has to be modified to integrate the LM into the recognition process.

An ASR system employs different knowledge sources to carry out the recogni-
tion process such as acoustic, phonetic, lexical and syntactic knowledge. Each of
this sources adds complexity to the decoding algorithm. AT&T laboratories pre-
sented an approach that simplifies the integration of different knowledge sources
into the ASR system by using Stochastic Finite State Transducers (SFST) [8,3,1].
Newer architectures have also been recently provided for large vocabulary ASR
[10]. The integrated architecture employed in this work takes advantage of the
same idea, that is, the composition of finite-state machines, which model each
knowledge source, to build a dynamic search network. This architecture was
previously described in [7] and it is compared to a decoupled architecture.

On the other hand, HLMs can also be used to deal with a Language Un-
derstanding (LU) procedure that is devoted to extracting semantic information
from a text sentence.

The contribution of this paper is twofold: first, it provides a full theoretical
description of the two architectures, i.e. fully integrated HLMs vs. HLMs for
graphs rescoring. Then, these approaches are theoretically and empirically eval-
uated for both ASR and LU purposes in a Spanish Spoken Dialogue task. The
paper is organized as follows: in Section 2 the employed LMs are briefly de-
scribed. Then, in Section 3 a full theoretical description of the two architectures
is given for ASR and LU tasks; and a theoretical comparison between them is
given. Finally, Section 4 and Section 5 summarizes the obtained results and the
extracted conclusions.

2 HLMs Based on Classes of Phrases

In this section we present the different LMs that were used in this work. All
of them were defined as Stochastic Finite State models. Specifically, we used
k-Testable in the Strict Sense (k-TSS) LMs, which are a subclass of regular
languages and have been successfully proposed for natural language processing
applications [11]. They have been considered as a syntactic approach of the n-
gram LMs under certain conditions. First of all a classical word k-TSS LM was
considered (Mw), where the probability of a sequence ofN words (w̄), is obtained
considering the history of previous kw − 1 words as shown in eq. (2).

P (w̄) � PMw (w̄) =

N∏

i=1

P (wi|wi−1
i−kw+1) (2)

Then two different approaches for HLMs (Msw, Msl) were considered [6]. In
the first approach, Msw, a set of classes made up of phrases constituted by
not linked words is used. In this way, the probability of a word sequence (w̄) can
be computed by means of eq. (3), where the segmentation (s) and classification
(c̄) of a word sequence are considered as hidden variables:

P (w̄) =
∑

∀c̄∈Σ∗
c

∑

∀s∈S(w̄)

P (w̄, c̄, s) =
∑

∀c̄∈Σ∗
c

∑

∀s∈S(w̄)

P (w̄|s, c̄)P (s|c̄)P (c̄) (3)
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being Σ∗
c the set of all possible c̄ given an a-priori defined Σc = {ci} alphabet

of classes and being S(w̄) the set of all possible segmentations of a given w̄.
Then, assuming the following approaches: a k-TSS model to estimate the term

P (c̄) (kc−1 stands for the considered history of classes), P (s|c̄) � α and P (w̄|s, c̄)
estimated with zero order models (kcw − 1 stands for the maximum length of
the word history considered in each class), eq. (3) is rewritten as follows:

P (w̄) � α
∑

∀c̄∈Σ∗
c

∑

∀s∈S(w̄)

T∏

i=1

⎡

⎣

⎡

⎣
ai∏

j=ai−1+1

P (wj |wj−1
j−kcw+1, ci)

⎤

⎦P (ci|ci−1
i−kc+1)

⎤

⎦

(4)
According to this, Nc + 1 (Nc is the size of the set of classes) SFSA are needed
to represent the Msw model: one for each class considering the relations among
words inside the classes, P (wj |wj−1

j−kcw+1, ci), and an additional one that takes

into account the relations among classes, P (ci|ci−1
i−kc+1).

In the second approach, Msl, classes are made up of phrases constituted
by linked words, l̄. Thus, the probability of w̄ is given now by eq. (5)

P (w̄) =
∑

∀c̄∈Σ∗
c

∑
∀l̄∈Σ∗

l

P (w̄, c̄, l̄) =
∑

∀c̄∈Σ∗
c

∑
∀l̄∈Σ∗

l

P (w̄|l̄, c̄)P (l̄|c̄)P (c̄)
(5)

where Σ∗
c is the set comprising all possible class sequences for the given Σc

alphabet of classes and Σ∗
l is the set of all possible sequences of li phrases.

Assuming that P (c̄) is estimated using a k-TSS model, that P (l̄|c̄) is estimated
using zero-order models and finally, P (w̄|l̄, c̄) is equal to 1 when l̄ and c̄ are
compatible with w̄ and 0 otherwise, the eq. (5) can be rewritten as eq. (6).

P (w̄) � ∑
∀c̄∈C

∑

∀l̄∈Lc̄(w̄)

T∏
i=1

[
P (li|ci)P (ci|ci−1

i−kc+1)
]

(6)

Nc + 1 SFSA are needed again to represent the Msl model: one that takes into
account the relations among classes, P (ci|ci−1

i−kc+1), andNc additional SFSA that,
in this case, stands for 1-TSS models, P (li|ci).

3 HLMs into ASR and LU Systems

When considering the ASR system, we want to carry out the recognition pro-
cess by using the HLMs (Msw and Msl) defined above through two different
architectures. First of all, an integrated architecture was considered. In this
case, we took advantage of the use of k-TSS LMs. These models can be repre-
sented by SFSA, which can be easily composed with each other and with other
automata. When considering the integration of complex HLMs there is not only
one automaton associated to each LM but Nc + 1 different SFSA are needed,
as described in Section 2. Thus, for doing the integration of the different SFSA
a dynamic composition was carried out, in the same way the different models
involved in the recognition process (LM, AM and lexical models) are integrated
into the search network for a classical word k-TSS LM.
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Fig. 2. Specific SFSA for a c2
class (final states are shaded)

Let us show an example to illustrate this method for the Msw model. Being
Σc = {c1, c2} a two-class vocabulary made up of phrases, where c1 = {w1, w1 w1}
and c2 = {w2 w3, w1 w2 w3, w4}, Fig 1 and Fig 2 represent the automata that
take into account the relations among classes, and the specific automaton associ-
ated to class c2, respectively. Then, when the search network is built dynamically
and the transition probabilities between words are needed (red arrows in Fig. 3)
not only one but the two SFSA associated to the LM have to be consulted.

In this case, the probability of a word sequence is given by eq. (3) and the
most likely word sequence is estimated according to the Viterbi algorithm:

ˆ̄w � arg max
∀w̄∈Σ∗

w

[
max
∀c̄∈Σ∗

c

max
∀s∈Sc(w̄)

max
n̄

P (x̄, n̄|w̄, c̄, s)P (w̄|c̄, s)P (s|c̄)P (c̄)

]
(7)

where n̄ is a path of the search network that is associated to a specific classifi-
cation c̄, to a specific segmentation s and to a specific word sequence w̄. Let us
point out that in the decoding process all the probabilities associated to the Msw

model, as well as to lexical models and AMs, are involved. When consideringMsl

model, a similar process is carried out, but in this case the SFSA associated to
each class is a 1-TSS model and the Viterbi algorithm leads to the following ŵ:

ˆ̄w � arg max
∀w̄∈Σ∗

w

[
max
∀c̄∈Σ∗

c

max
∀l̄∈Σ∗

l

max
n̄

P (x̄, n̄|w̄, c̄, l̄)P (w̄|c̄, l̄)P (l̄|c̄)P (c̄)

]
(8)

On the other hand, a decoupled architecture is considered when the recog-
nition process is carried out by means of a two-pass decoder. First of all, we
employ an standard decoder into which a classical word k-TSS LM (Mw) is
integrated. However, the decoder’s output is not a word sequence ( ˆ̄w), but a
word-graph [5]. This word-graph produces a set of hypotheses denoted by ΓG(x̄),
where ΓG(x̄) ⊂ Σ∗

w, being Σw the alphabet of words. Once the word-graph has
been obtained, we can now extract the N -best list, LN (x̄) = { ˆ̄w1, ˆ̄w2, . . . , ˆ̄wN },
with its corresponding scores PN (x̄) = {P ( ˆ̄w1|x̄), P ( ˆ̄w2|x̄), . . . , P ( ˆ̄wN |x̄)} where
ˆ̄wi ∈ LN (x̄), as shown in eq. (9) and (10).

ˆ̄wi � argmax
∀w̄∈Lc

i−1(x̄)
P (x̄|w̄)PMw (w̄) � argmax

∀w̄∈Lc
i−1(x̄)

[
max
n̄

P (x̄, n̄|w̄)PMw (w̄)
]

(9)

P ( ˆ̄wi|x̄) � P (x̄| ˆ̄wi)PMw ( ˆ̄wi) � max
∀w̄∈Lc

i−1(x̄)

[
max
n̄

P (x̄, n̄|w̄)PMw (w̄)
]

(10)
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Fig. 3. Dynamic search network for Msw model

being Lc
i−1(x̄) = ΓG(x̄)−Li−1(x̄); that is, the i-th best word sequence would be

chosen among those hypotheses that are in ΓG(x̄) but without considering the
ones that are already in the (i − 1)-best list (Li−1(x̄)).

Then, the HLM of choice (Msw or Msl) is employed to produce a new score
for the obtained hypotheses (see eq. (3)). A linear combination of this score and
the one given in eq. (10) yields a final score, which is used to reorder the list
again. Thus, we finally obtain a new best hypothesis (the system’s output) when
the HLM is used, as eq. (11) shows for the Msw model.

ˆ̄w � argmax
ˆ̄wi∈LN (x̄)

[
P ( ˆ̄wi|x̄) + αPMsw ( ˆ̄wi)

]
(11)

However, in the present work the sum over all c̄ and s is approaches by the
maximum value. Therefore, eq. (11) can be rewritten as eq. (12) and in a similar
way, ˆ̄w would be estimated for Msl as eq. (13) shows:

ˆ̄w � argmax
ˆ̄wi∈LN (x̄)

[
P ( ˆ̄wi|x̄) + α max

∀c̄∈Σ∗
c

max
∀s∈Sc( ˆ̄wi)

P ( ˆ̄wi|s, c̄)P (s|c̄)P (c̄)

]
(12)

ˆ̄w � argmax
ˆ̄wi∈LN (x̄)

[
P ( ˆ̄wi|x̄) + α max

∀c̄∈Σ∗
c

max
∀l̄∈Σ∗

l

P ( ˆ̄wi|l̄, c̄)P (l̄|c̄)P (c̄)

]
(13)

If we compare eq. (12) and (13) with eq. (7) and (8), respectively, some differ-
ences can be observed. Here, the probabilities associated to Mw LM are taken
into account in the search network, providing P ( ˆ̄wi|x̄) values and then, the HLM
is considered a posteriori. Although this architecture tries to simulate the inte-
gration of the model into the ASR system, the recognition process is not guided
by the LM of choice. Turning to eq. (10) and (12), two maximization processes
can be clearly differentiated. In the first one (eq. (10)), the recognition process
with Mw is carried out and this LM together with lexical and acoustic models
contribute to the local decisions until the final result is reached (an N -best list
(LN (x̄)), in this case). Then, in the second maximization process (see eq. (12))
a hypothesis is chosen from among those that are in the list, according to the
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probability provided by the HLM. In this process the acoustic and lexical mod-
els do not take part in the decision-making process in any way. Furthermore,
the result obtained with the decoupled architecture will always be limited by the
best result that an Mw model could provide using a word graph (oracle result),
because it is selected from among those that are in LN (x̄). On the other hand,
this kind of integration enables us to use a simple standard decoder, while all
the model’s complexity is considered a posteriori, what could be very interesting
in large-vocabulary ASR. When the integrated architecture is employed instead,
a single maximization process is carried out, as can be seen in eq. (7), where lex-
ical models and AMs along with the Msw model contribute to the local decision
making until the resulting word sequence is obtained. The same happens with
the Msl model (see eq.(8)).

In this work, we also propose to use hierarchical models within the LU mod-
ule. When HLMs are integrated into the ASR system by using the integrated
architecture, the Viterbi algorithm provides an estimation of the most-likely word
sequence, as shown in eq. (7) and (8). However, these equations can be rewrit-
ten as eq. (14) and (15) respectively. Consequently, the word sequence, class
sequence and segmentation associated to the most-likely sequence of states n̄
can all be obtained simultaneously from the Viterbi algorithm.
[
ˆ̄w, ˆ̄c, ŝ

] � arg max
∀w̄∈Σ∗

w,∀c̄∈Σ∗
c ,∀s∈Sc(w̄)

[
max
n̄

P (x̄, n̄|w̄, c̄, s)P (w̄|c̄, s)P (s|c̄)P (c̄)
]

(14)

[
ˆ̄w, ˆ̄c, ˆ̄l

]
� arg max

∀w̄∈Σ∗
w,∀c̄∈Σ∗

c ,∀l̄∈Σ∗
l

[
max
n̄

P (x̄, n̄|w̄, c̄, l̄)P (w̄|c̄, l̄)P (s|c̄)P (c̄)
]

(15)

Thus, if our set of classes is obtained using a semantically motivated criterion,
the semantic information associated to the word sequence will be retrieved dur-
ing the recognition process. Therefore, when using the HLMs and the integrated
ASR architecture, the speech recognition and understanding processes could be
merged into a single step, thus speeding up the interventions of the dialogue sys-
tem. Furthermore, the semantic, acoustic and language information contribute
to the local decisions-making process throughout the search space until the out-
put word sequence and class sequence are obtained. Thus, more accurate results
could be attained regarding both words and classes.

In the same way, when HLMs are employed, the decoupled architecture can
also be used to obtain the semantic information associated to a word sequence.
Once the N -best list LN (x̄) has been obtained, all the possible s and c̄ associated
to each hypothesis can be inferred. Using the hierarchical model of choice (Msw

or Msl), a probability P ( ˆ̄wi) is associated to each hypothesis according to eq. (3)
and eq. (5) for Msw and Msl models respectively.

Then, a linear combination of this probability and P ( ˆ̄wi|x̄) is computed taking
into account that in this work the sum over all different s and c̄ is approximated
by the maximum. Finally, the class sequence associated to the best new score is
provided in the output as eq. (16) and (17) show for the Msw and Msl models
respectively.
[
ˆ̄w, ˆ̄c, ŝ

] � arg max
∀ ˆ̄wi∈LN (x̄),∀c̄∈Σ∗

c ,∀s∈Sc( ˆ̄wi)

[
P ( ˆ̄wi|x̄) + α P ( ˆ̄wi|s, c̄)P (s|c̄)P (c̄)

]
(16)
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[
ˆ̄w, ˆ̄c, ˆ̄l

]
� arg max

∀ ˆ̄wi∈LN (x̄),∀c̄∈Σ∗
c ,∀l̄∈Σ∗

l

[
P ( ˆ̄wi|x̄) + α P ( ˆ̄wi|l̄, c̄)P (l̄|c̄)P (c̄)

]
(17)

4 Experimental Results

In order to evaluate the approaches presented in this work a speech based conver-
sational interface is considered. It consists of a virtual butler service that would
be installed at home to control and provide information about electrical appli-
ances. The system was developed within the framework of the GENIO project
[4], which was partially supported by FAGOR. In this context a Spanish corpus
(Domolab) was acquired with the specific features described in Table 1.

First of all, Msw and Msl models were evaluated when they were integrated
into the ASR system. The two different architectures proposed in this work were
considered here for comparison purposes and the results are shown in Table 2.
From this table it can be concluded that hierarchicalMsw and Msl models attain
a better ASR system performance than the classical Mw one, when using either
integration method. However, the decoupled architecture provides slightly worst
WER values than the integrated one for Msw. Note that the lowest WER that
can be achieved with the Mw model through the word graph (oracle WER)
is higher than the WER obtained with the integrated Msw. Thus, a rescoring
procedure cannot outdo this result.

We also evaluated HLMs within a LU task. Note that 40 manually-chosen,
task-dependent semantic classes made up of phrases, specifically those employed
in the LU module of the dialogue system, were used to build HLMs in both
experiments. The evaluation was carried out in terms of the Category Error
Rate (CER) and it is also presented in Table 2. CER is measured in the same
way the WER is, but considering the class sequences provided by the system and
the classified reference sentences. Table 2 shows that both architectures provide
better CER values than the baseline Mw model. Regarding this Mw model,
CER values were obtained by classifying both the reference sentences and the
sentences obtained with the ASR system and an Mw model. Consequently, it can
be concluded that the extraction of the semantic information can benefit from
the use of hierarchical models. Moreover, the percentage improvement associated

Table 1. Features of Domolab
corpus

Domolab

T
ra

in
in
g Sentences 44,236

Diff. sent. 43,962
Words 349,890
Vocab. 357

T
e
st

Sentences 1,617
Words 9,660
Vocab. 325

Table 2. WER and CER results for Mw, Msw and
Msl models using different architectures

Mw Msw Msl1-best oracle
WER Int. Arch. 6.04 - 5.14 5.4
(%) Dec. Arch. 6.04 5.23 5.34 5.35
CER Int. Arch. 8.68 - 7.18 7.06
(%) Dec. Arch. 8.68 5.93 7.12 6.98
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to the use of HLMs with regard to Mw model, is greater when considering CER
values than when considering WER values (e.g. 14.9% vs. 17.28% for Msw model
and integrated architecture). Thus, the CER improvement is not only due to a
better recognized sentence, but the semantic information involved in the HLMs
is helping to provide a better CER result.

Regarding the two different architectures very similar performance values are
achieved. However, when using integrated architecture all the processes (recogni-
tion and LU) can be carried out in only one step. Instead, decoupled architecture
makes it possible to use HLMs to carry out the LU process over the outputs of
different ASR systems.

5 Concluding Remarks

In this work the integration of complex HLMs into ASR systems was explored
by making use of two different architectures, an integrated one and a decoupled
one. The obtained results show that HLMs provide better ASR performance for
both architectures. On the other hand, HLMs can also be used in a LU module.
Different experiments were carried out in order to evaluate this task and the
results show that this process can benefit from the use of hierarchical models.
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