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Dialogue Speech Recognition by Combining Hierarchical
Topic Classification and Language Model Switching
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SUMMARY  An efficient, scalable speech recognition archi-
tecture combining topic detection and topic-dependent language
modeling is proposed for multi-domain spoken language systems.
In the proposed approach, the inferred topic is automatically de-
tected from the user’s utterance, and speech recognition is then
performed by applying an appropriate topic-dependent language
model. This approach enables users to freely switch between
domains while maintaining high recognition accuracy. As topic
detection is performed on a single utterance, detection errors may
occur and propagate through the system. To improve robustness,
a hierarchical back-off mechanism is introduced where detailed
topic models are applied when topic detection is confident and
wider models that cover multiple topics are applied in cases of un-
certainty. The performance of the proposed architecture is evalu-
ated when combined with two topic detection methods: unigram
likelihood and SVMs (Support Vector Machines). On the ATR
Basic Travel Expression Corpus, both methods provide a signifi-
cant reduction in WER (9.7% and 10.3%, respectively) compared
to a single language model system. Furthermore, recognition
accuracy is comparable to performing decoding with all topic-
dependent models in parallel, while the required computational
cost is much reduced.

key words: Speech  Recognition, Topic Detection, Topic-
Dependent Language Modeling, Support Vector Machines, Multi-
domain Spoken Dialogue

1. Introduction

Speech is a natural communication medium, and is
thus an efficient interface for human-machine commu-
nications. In recent years, there has been significant
growth in the development and commercial deploy-
ment of interactive spoken language systems. Applica-
tions include spoken dialogue systems for guidance and
transactions [1]-[5], and more recently speech-to-speech
translation systems [6]-[8]. To enhance their perfor-
mance, these systems are specifically designed to oper-
ate over limited and definite domains. By limiting oper-
ation to a single application task, robust speech recog-
nition can be realized. This approach has led to the
development of a large number of spoken dialogue sys-
tems. For example, the MIT GALAXY [9] framework
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has been used to develop the JUPITER [1], DINEX
[2] and VOYAGER |[3] spoken dialogue systems, which
provide access to weather, restaurant and urban navi-
gation information, respectively.

Limiting operation to a single task domain, how-
ever, forces users to make use of several independent
systems when they require information from multiple
domains (for example, transit information to a partic-
ular city, as well as the weather forecast for that city.)
For improved usability, systems should operate across
multiple domains allowing users to gain the required
information quickly and efficiently within a single in-
teraction.

Commercial “Voice Portal” systems provide the
simplest spoken language interface for information re-
trieval over multiple domains. In these systems, a pre-
defined set of “command keywords” are used to traverse
an information hierarchy to obtain the required infor-
mation. This approach only requires the recognition of
a limited set of keywords and thus realizes reasonable
performance. However, the usability of such systems is
limited as users require knowledge of both the system’s
keywords and information structure before they can ef-
fectively use the system. Expert users are not favored,
either, as they are forced to traverse the information
hierarchy, even when they have full knowledge of the
system.

An alternative approach to multi-domain spoken
dialogue includes systems developed for the DARPA
“Communicator” project [10],[11]. These systems
cover the travel domain allowing users to retrieve up-
to-date flight schedules, flight pricing, hotel informa-
tion, and rental car availability. They improve over the
“Voice Portal” approach by applying a conversational
front-end rather than just keyword recognition. These
systems typically adopt a single recognition front-end
that provides coverage over all of the sub-domains con-
tained within the system. A similar approach was
also applied in [12] for an office assistant spoken dia-
logue system that operates over a large number of sub-
domains.

When performing speech recognition over multiple
domains, topic- or sub-task-dependent language model-
ing increases both the accuracy and efficiency of the sys-
tem. However, current dialogue systems that use mul-
tiple topic-dependent language models typically adopt



a system initiative approach [13], [14] where the appro-
priate LM is applied based on the system’s prompt, de-
termined by the dialogue flow of the system. Increased
usability can be achieved by allowing users to switch
between domains as in [15], but in this case, users must
explicitly state the domain they require before making
a query. A multi-domain spoken dialogue system based
on this approach would behave as follows. (S stands for
system and U for User)

S) Welcome to the Kyoto City Information Portal.
What system do you require; tourist, restaurant or bus?
U) Tourist information, please.
S) You are now in the Kyoto Tourist Information System.
U) What time is the Golden Pavilion open until?
S) The Golden Pavilion is open from 8:30am until 5:00pm,
every day of the week.

U) Restaurant information.

S) You are now in the Kyoto Restaurant Information System.

U) Japanese style restaurants near the Golden Pavilion?

S) There are 2 Japanese restaurants in that vicinity, ...

In this approach, the number of dialogue turns
is unreasonably large due to the overhead required to
switch between domains. Rather than explicitly stat-
ing which domain is required, the system should au-
tomatically detect it from the users’ utterance. For
this purpose, approaches used in call routing can be
applied [16],[17]. In this study, we propose a recogni-
tion architecture combining topic detection and topic-
dependent language modeling. The inferred domain is
automatically detected from the user’s utterance, and
speech recognition is then performed with an appro-
priate topic-dependent language model. This allows
the user to seamlessly switch between domains while
maintaining high recognition accuracy. Based on this
approach, the above spoken dialogue system would be-
have as follows.

S) Welcome to the Kyoto City Information Portal.
Please query the system on tourist, restaurant
or bus information.

U) What time is the Golden Pavilion open until?

S) The Golden Pavilion is open from 8:30am until 5:00pm,
every day of the week.

U) Are there any good Japanese restaurants near there?

S) There are 2 Japanese restaurants in that vicinity, ...

This approach significantly reduces the number of
dialogue turns required. As the domain of each user
utterance is automatically detected, the overhead re-
quired to explicitly switch between domains is elim-
inated. Recognition accuracy is also maintained as
topic-dependent recognition is applied. An alternative
approach for topic dependent recognition is to perform
decoding with multiple topic-dependent language mod-
els in parallel, however this approach requires large
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Fig.1 Topic-Dependent Recognition based on Topic Detection

computational overhead and also hampers scalability,
as the addition of each new topic domain requires an
additional recognition process.

One problem in implementing the proposed archi-
tecture is that topic detection errors can occur as it
is performed on the recognition hypothesis of a single
utterance. These errors may propagate through the
system, causing an incorrect topic-dependent language
model to be selected and thus resulting in highly erro-
neous recognition hypotheses. Therefore, a mechanism
that provides robustness against topic detection errors
is required. For this purpose, we introduce a hierarchi-
cal back-off mechanism that applies detailed topic mod-
els when topic detection is confident and wider models
(that cover multiple topics) in cases of uncertainty.

Previous studies have typically investigated topic-
dependent recognition on long speech materials such as
transcription of news articles [18],[19] and the Switch-
board corpus [20]. In these studies, a large number of
utterances were used to perform topic detection, thus
detection errors were not considered. Also a rescor-
ing framework was typically used, which provided only
a limited gain in recognition accuracy while requiring
the generation of a large N-best list, which is compu-
tationally expensive. In the proposed approach, we
re-perform decoding, applying an appropriate topic-
dependent language model from the topic detection re-
sult in the initial recognition pass. The topic detec-
tion result can also be used for other applications, such
as improving the back-end translation system perfor-
mance for speech-to-speech translation [21].

2. Language Model Switching Based on
Topic Detection

An overview of the proposed system is shown in Fig-
ure 1. Speech recognition is performed in two stages.
In the first recognition stage, a G-LM (generalized lan-
guage model) built from the entire training set is ap-
plied and topic detection is performed on the recog-
nition result of this pass. Based on the topic detec-
tion result and its confidence, an appropriate granu-
larity of TD-LM (topic-dependent language model) is
selected. This TD-LM is then used to re-decode the
utterance. As a final fallback, the result of the topic
dependent recognition and that of the initial topic in-
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dependent recognition are compared and the hypoth-
esis with maximum ASR score is selected. (The ASR
score is a weighted product of the acoustic and lan-
guage model probabilities.) This allows the system to
back-off completely to the topic-independent G-LM in
cases where the TD-LM hypothesis is unlikely. Sys-
tem turn-around time can be reduced by running the
current topic-dependent and generalized recognition in
parallel and performing re-decoding only when a topic
change occurs.

The recognition performance of the proposed ar-
chitecture is dependent on the TD-LMs applied and the
accuracy of topic detection. When TD-LMs cover nar-
row or individual topics, a large increase in recognition
accuracy can be gained, however, topic detection errors
will also increase. Training LMs for very narrow topics
also generally suffer from data sparseness. On the other
hand, LMs that provide coverage over wide topics will
reduce the gain in recognition accuracy. In this paper, a
multi-layer framework is introduced where a hierarchy
of LMs is generated that cover an increasing number
of topics. Individual topic LMs are applied when topic
detection is confident, and in cases of uncertainty, the
system backs-off to wider models that provide coverage
over multiple or all topic classes.

3. Topic Detection

Topic detection is performed in a manner similar to
that used for call-routing [16],[17]. Each sentence in
the training set was initially manually labeled with
a single topic, from a set of pre-defined topic classes
T = ty,...,tpr. The features used for topic detection
consist of word base form tokens (word tokens with no
tense information). Appropriate cutoffs are applied to
remove those features with low occurrence in the train-
ing set. The set of word features for an input sentence
is defined by the occurrence counts of each word fea-
ture w;, that is W = (wq,ws,...,wy) where V is the
vocabulary size.

In this study, we investigate two topic detec-
tion methods: unigram likelihood, and SVM (Support
Vector Machines). Initially, classification models are
trained for each topic class. Topic detection is then
performed by applying each classification model to the
input utterance and selecting the topic with maximum
classification score.

3.1 Unigram Likelihood Based Topic Detection

In this approach, topic-dependent unigram language
models are trained for each topic class. The unigram
probabilities p(w;|t;) are estimated based on the oc-
currence counts of each word feature w; in the training
sentences of that topic ;.

The topic classification score (scoreyni(X,t;))
is calculated as log-likelihood of topic ¢;’s unigram

model for the input sentence X, consisting of N words
(z1,...,2N). At recognition, X is the 1-best hypothesis
from the initial recognition pass. The topic detection
result is the topic with maximum score.

N
scoreyn1(X,t;) = Zlog(p(xi\tj)) (1)

3.2 SVM Based Topic Detection

SVM (support vector machines) [22] is a popular clas-
sification technique based on margin maximization.
SVM has been shown to be appropriate for text clas-
sification tasks, which typically consist of sparse high-
dimensional vector space models. In this approach, a
sentence is represented as an individual point within
this space, where vector components relate to word
token occurrence counts. Based on this vector space
model, an SVM hyperplane H; is trained for each topic
class t;. Sentences labeled with that topic (¢;) are used
as positive examples and the remainder of the training
set is used as negative training examples. Due to the
high dimensionality of this space, up to 10,000 features,
a linear SVM kernel is adequate for classification.

Topic detection is performed by comparing the vec-
tor representation of the input sentence (X) to each
SVM hyperplane. The vector representation W =
(wy,...,wy) is derived by counting word occurrences
in the input sentence X = (x1,...,zx). The topic clas-
sification score (scoregyar(X,t;)) is calculated as the
perpendicular distance between W and the hyperplane
(H;) of topic t;. This value should be positive if W is
in-class, and negative otherwise. The detection result
is the topic with maximum classification score.

scoresy m (X, t;) = dist (W, Hj) (2)

4. Topic Dependent Language Modeling

The corpus used in this work contains manually as-
signed topic tags for each sentence. Although these
tags can be used directly to train TD-LMs, the resulting
models may not be optimal in terms of either perplexity
or topic detection accuracy due to subjective definition
of labels and inconsistencies between labelers. Thus,
each sentence in the training set is re-labeled with the
result from topic detection.

In the case of unigram re-labeling, initial unigram
models are created based on the original hand-labeled
topic tags, and each sentence in the training set is re-
labeled as the topic with maximum classification score.
This process of model creation and data re-labeling is
repeated until convergence. For SVM re-labeling, this
process is done only once. Topic detection models are
created directly from the hand-labeled tags, and the
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Fig.2 SVM-based Language Model Hierarchy

training set is then re-labeled using these models. The
re-labeling process improves topic detection accuracy
and reduces LM perplexity by clustering similar sen-
tences together.

TD-LMs are trained based on the new labels. To
reduce the effect of data sparseness, each TD-LM is
then linearly interpolated with the domain independent
G-LM, which is trained on the entire training set. Inter-
polation weights are selected to minimize the perplexity
of a development set which has been re-labeled in the
same manner.

5. Language Modeling Based on
Hierarchical Topic Classification

To increase the system’s flexibility and robustness, a
hierarchical topic back-off mechanism is introduced.
In this approach, rather than applying only topic-
dependent language models that provide coverage over
individual topics, a hierarchy of language models is con-
structed that provides coverage over an increasing num-
ber of topics.

The topic hierarchy is automatically constructed
by clustering together those topics likely to be confused
during topic detection. The resulting hierarchy for the
SVM case is shown in Figure 2. The top node (layer-
1) corresponds to a topic-independent G-LM that pro-
vides coverage over all topics. The lowest layer (layer-3)
corresponds to the most detailed models that provide
coverage for individual topics. Intermediate nodes in
layer-2 correspond to models that cover multiple top-
ics. Intermediate nodes lower in the hierarchy provide
coverage for topics more likely to be confused during
topic detection. Ascending the hierarchy, the language
models become less topic dependent and typically cover
an increasing number of topics.

When the topic detection result is confident, in-
creased recognition accuracy can be gained by applying
a language model lower in the hierarchy, which is more
topic-dependent. In cases of uncertainty, however, the
system should back-off to an intermediate model cov-
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Table 1  Topic Hierarchy Construction

T —t1,ta,...,tar, k|7
while k£ > 2 do
determine t;,t; such that dist(t;,t;) is minimized (¢ # j)
merge t; and t; to create parent node t; ;
include t; ; to topic set T'
remove t; and t; from T'
k—k—1
end while

ering multiple plausible topics, or to the topic indepen-
dent G-LM, rather than selecting a possibly incorrect
individual topic. This approach reduces the cases where
a topic-dependent language model is selected that does
not match the current utterance.

In the following sub-sections, we describe the topic
hierarchy clustering algorithm, the inter-topic distance
measures used during clustering, and the hierarchy
back-off mechanism used to select an appropriate TD-
LM at runtime.

5.1 Topic Hierarchy Construction

The topic hierarchy is automatically constructed apply-
ing agglomerative hierarchical clustering, as described
in Table 1. Clustering involves iteratively determining
the closest topic pairs and merging them, until only two
clusters remain. The resulting hierarchy is then pruned
of outlying models. Those models that realize less than
a 10% reduction in perplexity compared to the G-LM
are removed from the hierarchy. The resulting hierar-
chy for the SVM case after pruning is shown in Figure
2.

During clustering, an inter-topic distance measure
related to topic detection confusability is required. This
distance measure is dependent on the topic detection
method used.

5.2 Unigram-based Inter-topic Distance

For unigram-based topic detection, the distance be-
tween two topics t; and t;, distynr(ti,t;), is calculated
as the normalized log-likelihood based on the training
data and unigram models for each topic class (Equation
3.) Normalization is applied to compensate for varied
topic class sizes and perplexities.

> scoreyni(X,t;)
_ XeS;

dist ti,t;) =
istyni(ti t5) S scorepni(X,t;)

XeS;
> scoreyni(X,t;)
Xes;

> scoreyni(X,t;)
XESJ'

(3)

S;: set of training sentences of topic class t;
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Fig.3 Inter-topic Distance for SVM-based Topic Detection

5.3 SVM-based Inter-topic Distance

For SVM-based topic detection, the inter-topic distance
measure is defined as the average distance between
topic t;’s training set (S;) and topic ¢;’s SVM hyper-
plane (H;) and vice versa (Equation 4). The distance
perpendicular to the SVM hyper plane is used as it
directly relates to the topic detection score used.

d’ists\/]v[ (ti, tj =

)
|| average scoregy s (

XeS;

Xt
XeSs;
Xt

|| average scoresy s ( )—average scoresy p (X, t;) ||
XeS; XeSs;
(4)

S;: set of training sentences of topic class t;

A visual representation of this distance measure is given
in Figure 3, where

dist(S;, H;) = average scoregv (X, t;)
XeS;

5.4 Hierarchical Language Model Back-off

In the proposed recognition architecture, topic detec-
tion involves selecting an appropriate LM from the
topic hierarchy. This model is then applied during the
topic dependent recognition pass. Model selection is
based on a hierarchical back-off mechanism which is
dependent on the topic detection method used.

For unigram-based topic detection, unigram mod-
els are trained for each node in the hierarchy. Topic
detection involves selecting the node in all layers that
gives the maximum unigram likelihood.

In the SVM case, an individual topic model is used
when the SVM classification score for only one topic is
positive. Otherwise, we determine the two topics with

)—average scoresy (X, t5) || +

Table 2

Training-set: 12 topics, 168,818 sentences
Lexicon size: 18k

Development-set: 10,346 sentences
Test-set: 1,990 utterances (0.67 OOV rate)

Description of Basic Travel Expression Corpus

the highest topic classification scores, and select their
lowest parent node in the hierarchy.

6. Experimental Evaluation
6.1 Evaluation Corpus

The proposed recognition architecture was evaluated
on the ATR Basic Travel Expression Corpus (BTEC)
[23]. This corpus consists of Japanese sentences that
Japanese travelers are likely to use or encounter while
traveling overseas. An overview of the corpus is shown
in Table 2. In this study, 12 sub-domain topic classes,
as described in Table 3 are used. The original cor-
pus consists of a larger set of 15 topic tags, however,
very small topic classes (< 2,000 training sentences)
were merged to obtain the above set of topics. For
example, the topic classes ”restaurant”, ”snack food”,
and ”drinks” were merged to form the single topic class
7 eat&drink”.

The training set of 168,818 sentences was used for
training all language and topic detection models, and
for constructing the topic hierarchy. The development
set of 10,346 sentences was used to determine the linear
interpolation weights applied during TD-LM smooth-
ing. The test set of 1,990 utterances was used for eval-
uation.

6.2 Experimental Setup

Recognition was performed with our Julius recogni-
tion engine [24]. For acoustic analysis, 12-dimensional
MFCC, energy, and first- and second-order derivatives
were computed. The acoustic model applied during
recognition was a triphone HMM with 1,841 shared
states and 23 Gaussian mixture components set up for
26 phones.

For the baseline ASR system, a topic-independent
generalized LM (G-LM) trained on the entire training
set was used. On the test set, this baseline model had
perplexities of 44.8 (2-gram) and 23.8 (3-gram) and a
WER (Word Error Rate) of 8.08%.

6.3 Effect of Topic Dependent Language Modeling

First, the effect of topic-dependent language modeling
(TD-LM) on test-set perplexity was investigated. We
compared three topic labeling schemes: the original
hand-labels, re-labeling using unigram topic detection,
and SVM-based re-labeling. Based on these labeling
schemes TD-LMs were then trained, and the test-set
perplexity was calculated (Table 4).
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Table 3 Description of Topic Classes
No. of Training
Topic Class Sentences Example sentences
accommodation | 16473  (10%) | I asked for a room with a shower / What’s the price, excluding meals?
airplane 7117 (4%) Which channel is the film on? / What kind of drinks do you have?
airport 10101 (6%) Please show me your passport and immigration form / Where can I change travelers cheques?
basic 21880 (13%) | Sorry / Hi / What does that mean? /
communication | 11613  (7%) Are you from New Zealand? / May I use your bathroom?
contact 7514 (4%) Extension two thirty four please / Call to Japan please / Sorry wrong number
eat&drink 18746  (11%) | Could we have an ashtray please / I'd like some bread
exchange 2151 (1%) Cash this please / How would you like it? / Traveler’s checks okay?
shopping 19278  (11%) How will you pay for this / Can I buy it in Japanese yen?
sightseeing 14581  (9%) Do you know where the baseball stadium is? / Could you take a photo of us, please?
transit 17027  (10%) Is this the right platform for the train to Minneapolis?
trouble 22337  (13%) Can you send a mechanic please? / There’s something wrong with the clutch
Table 4  Perplexities by Topic Dependent Language Modeling
- - . o 12
Topic Labeling Perplexity 5
Method (Reduction compared to G-LM) 510 -
2-gram I 3-gram 5
G-LM 1478 (-) 2377 (-) 5 g
Hand 33.51 (25.2%) | 18.94 (20.2%) "8'
Unigram 28.00 (37.5%) | 16.85 (29.1%) B
SVM 29.60 (34.0%) | 17.34 (27.1%) o6
a
R4

For the baseline G-LM system, perplexities by bi-
gram and tri-gram models were 44.8 and 23.8, respec-
tively. TD-LMs created based on the original hand-
labeled topic tags provide a 20.2% reduction in per-
plexity over the single G-LM. This reduction verifies
the effectiveness of topic dependent modeling.

Compared to the hand-labeled case, both unigram
and SVM-based re-labeling provide a further reduction
in perplexity: 29.1% and 27.1%, respectively. This
shows the effectiveness of automatic re-labeling. Un-
igram re-labeling provides lower perplexity than the
SVM case, because there is consistency between the
log-likelihood score used for topic detection and the
perplexity measure. The unigram method also tends
to divide the training set more evenly over the 12 topic
classes, while SVM re-labeling results in class sizes sim-
ilar to the original topics. In the unigram case, the
smallest topic class contains 5% of the training data,
while in the SVM case this is only 1%.

6.4 Performance of Topic Detection

Next, the performance of the unigram and SVM-based
topic detection methods were compared. The re-

labeling process was applied to the correct transcrip-
tions of the test set. and the automatically assigned tag
is regarded as the “correct” topic of that sentence. De-
tection accuracy was evaluated by comparing the result

when topic detection is applied to the ASR hypothesis
to these topic tags. The topic detection error rate for

the two methods when only individual topics (layer-
1) and when hierarchical back-off (layer-1 or layer-2)
was applied are shown in Figure 4. For the hierarchi-
cal back-off case, the topic detection result is correct

Unigram SVM
Topic Detection Method

\D Individual Topics W Back-off\

Fig.4 Performance of Topic Detection Methods

if either the correct individual model (layer-3), or its
parent model from layer-2 is selected.

Both unigram and SVM-based methods achieve
high performance with detection error rates of 9.8%
and 7.7%, respectively. SVM significantly outperforms
the unigram-based method for both the individual topic
case (relative reduction of 21.4%) and for the hierarchi-
cal back-off case (relative reduction of 14.6%). This in-
dicates that SVM realizes improved robustness against
recognition errors. For both methods, the hierarchical
back-off mechanism reduces topic detection errors by
around 14%. This shows the effectiveness of the back-
off mechanism.

6.5 Performance of Topic Dependent ASR

The proposed recognition framework was implemented
by combining topic detection and TD-LMs. The recog-
nition performance (WER) for the unigram and SVM-
based systems when various layers of the topic hierar-
chy are used are shown in Table 5. The baseline system
applies only the G-LM (layer-1) during recognition.
For reference, the system performance when “or-
acle” topic detection is applied is also shown. In this
scheme, the correct transcription of the input utterance
is used for topic detection instead of the ASR result.
Applying this approach when only the layer-3 models
are applied, relative reductions in WER of 8.9%, and
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Table 5 Topic Dependent Recognition Performance
WER % (Relative reduction)
Classification | Layer 1 | Layer 3 Layers All
Method (G-LM) 1,3 Layers
baseline
Topic detection applied to correct transcription (Oracle)
Unigram 8.08 7.36 6.93 6.91
(Oracle) (8.9%) | (21.7%) | (21.8%)
SVM 8.08 7.64 7.10 7.04
(Oracle) (5.2%) | (12.0%) | (12.0%)
Topic Detection applied to ASR result
Unigram 8.08 8.12 7.36 7.30
(-0.5%) (8.9%) (9.7%)
SVM 8.08 8.24 7.42 7.25
(-1.2%) (8.2%) (10.3%)

5.2% are gained over the baseline system for the uni-
gram and SVM systems, respectively. This shows that
improved recognition accuracy can be gained by more
constrictive, topic-dependent language modeling. Com-
pared to the SVM system, the unigram system had a
slightly lower WER. Including the comparison with the
layer-1 model (G-LM) further improves recognition ac-
curacy. For around 5% of the utterances, the topic inde-
pendent G-LM model gave a better recognition hypoth-
esis than the appropriate topic model. As the G-LM is
trained over the entire training set, it is less affected by
data sparseness than the individual topic models. The
inclusion of the layer-2 models using hierarchical back-
off provided little improvement in recognition accuracy
in the oracle case.

Next, we investigate the system performance when
TD-LMs are selected based on the topic detection re-
sult from the ASR hypothesis in the initial recogni-
tion pass. When only the layer-3 TD-LMs are applied,
the recognition performance drops below that of the
baseline system. This shows that applying an incorrect
TD-LM model significantly degrades recognition per-
formance for that utterance. In the SVM case, even
a small number of mis-classified utterances (less than
8%) degrades the overall system performance from the
baseline. Introducing the comparison with the layer-1
mitigates the effect of topic detection errors. This com-
parison is vital for effective performance. The inclusion
of the layer-2 models selected by hierarchical back-off
further improves recognition accuracy. Compared to
the baseline system, a relative improvement of around
10% for both systems is gained. This shows that the
proposed hierarchy back-off mechanism realizes robust-
ness against topic detection errors caused in the initial
ASR pass.

While the unigram method provided a large re-
duction in TD-LM perplexity and WER for the oracle
case, SVM-based topic detection improved topic detec-
tion robustness. Both approaches realize comparable
recognition performance when combined with the pro-
posed architecture.
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6.6 Comparison with Parallel Decoding Scheme

Next, the performance of the proposed framework is
compared with a parallel recognition scheme, which
performs recognition in parallel with the layer-1 (G-
LM) and all layer-3 TD-LMs. The recognition result
with maximum ASR score is output. The recogni-
tion performance for unigram and SVM-based TD-LMs
combined with the proposed framework and parallel de-
coding is shown in Figure 5.

Both decoding schemes provide a significant reduc-
tion in WER compared to the baseline system. Al-
though similar performance is gained with the two ap-
proaches, the proposed framework had a much lower
computational cost, requiring only 2 recognition pro-
cesses, compared to 13 for the parallel system.

6.7 Extension to Multiple Topics

In the proposed recognition framework, a single TD-
LM is selected based on the topic detection result.

This framework can be extended to perform recogni-
tion with multiple TD-LMs. In this case, the top m
topics with highest topic classification scores are deter-
mined by topic detection, and then speech recognition
re-decoding) is performed in parallel with the selected
TD-LMs. The recognition results from the G-LM and
TD-LMs are finally compared and the hypothesis with
maximum A score is output. This approach will re-
duce the number of topic detection errors and improve
recognition performance, but incurs increased compu-
tational cost compared to the original framework.

The performance of the extended system is shown
in Figure 6 for various values of m. As the number
of TD-LMs applied was increased, recognition perfor-
mance was also improved. At m = 3 the system per-
formance was similar to that using the proposed frame-
work with hierarchical back-off (Proposed). However

at m = 6 the system performance begins to degrade.
Since it is not easy to determine the best value of m
a-priori, the proposed framework, applying a single TD-
LM, offers a reasonable solution and requires only two
recognition passes.
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7. Conclusion

We have presented an efficient speech recognition archi-
tecture for multi-domain spoken language systems com-
bining topic detection and topic-dependent language
modeling. In the proposed approach, the inferred do-
main of the user’s utterance is automatically detected
and speech recognition is then performed with an ap-
propriate topic-dependent language model. To improve
robustness against topic detection errors, a hierarchi-
cal back-off mechanism was introduced that applies de-
tailed topic models when topic detection is confident,
and applies wider models that cover multiple topics in
cases of uncertainty.

The performance of the proposed architecture was
evaluated when combined with unigram and SVM-
based topic detection. On the ATR Basic Travel
Expression Corpus, both methods provided improved
recognition performance compared to a single language
model system (relative reductions in WER of 9.8%
and 10.3%, respectively). The unigram-based approach
provided lower TD-LM perplexity and improved recog-
nition accuracy when the topic was given, however,
SVM provided improved topic detection robustness to
ASR errors. The overall system performance of both
methods was comparable. Finally, in comparison with
a parallel approach, the proposed architecture achieves
similar recognition accuracy while requiring much less
computational cost. Thus, the proposed system realizes
more accurate speech recognition in an efficient man-
ner.
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