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Developers and users

• LIUM as developers:
• to improve WER performance 

• to adapt Sphinx to our needs

• SphinxTrain, Sphinx3, Sphinx4

• LIUM as users
• Sphinx as tools for research

• for speech recognition research work: phonetization, error 
correction

• And other: spontaneous speech detection,  machine 
translation
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Development

• Multi-Pass ASR system initially developed for Broadcast 
news

• Segmentation and Speaker diarization system 
(lium_spkdiarization)

• Added functionalities:
• Training and adapting acoustic models

• Speaker Adaptive Training (with CMLLR), Minimum Phone Error

• Decoding process

• Acoustic and Linguistic Word-graph Rescoring, 4-gram rescoring, 
Consensus using confusion network, >65K vocab (sphinx4)
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LIUM’08 ASR System
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LIUM participation to 
the CMU Sphinx project

• SphinxTrain: source code of CMLLR+SAT given to 
Arthur Chan (Sphinx Maintainer) in 2006 (code too 
messy, not integrated yet...)

• LIUM branch created in the official Sphinx SVN 
server in 2009 containing our Sphinx4 code (messy 

code, no doc, but it works !), and some Sphinx3 code (clean, 
especially to deal with n-gram LM with n>3 and rescore word-lattice in 
4-gram)

• In 2010: first integration in the official source code 
of Sphinx4 (vocab >65K + class to deal with n-grams, with n>3)

• Expecting other contributions in the official code in the future
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Using Sphinx

• Acoustic-Based phonetic transcription method 
for proper nouns

• Combining outputs of machine translation

• Specific corrections for specific errors in French

• Spontaneous speech detection in large audio 
database

• And other works not presented here...
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Phonetic transcription 
of proper nouns

• Proper nouns constitute a special case when it comes to 
phonetic transcription

• In French, pronunciation rules are much less normalized for 
proper nouns than for other categories

• We propose a method that relies on speech signal

• Process consists of two major steps:
• Finding boundaries of proper nouns

• Retrieving pronounced phonemes
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Phonetic transcription 
of proper nouns

TimeAlign is done by using 
sphinx3_align

Acoustic Phonetic Decoding 
using Sphinx 3

Textual transcription with multi-word segments

… blah blah Louis blah blah Joe blah blah Louis blah blah …

Time Align

G2P* Louis LouisJoe

APD

Language 
Model

Dictionary

Language model and dictionary contain phonemes instead of full words

Acoustic 
Model

 Louis– |lwē|
 Louis– |luwi|
 Joe – |ʤo|

Phonetic transcriptions 
generated by the G2P 

converters

Extracted phonetic 
transcriptions

Louis  – |lwēs|
Joe  – |ʤoʊ|
Louis  – |luwis|

Dictionary without PN 
(BDLEX+LIA_PHON)

* : LIA_PHON, SMT, JSM

Each phonetic transcription gets 
validated by an iterative 
filtering
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Phonetic transcription 
of proper nouns

• Results :
PNER on ESTER 1 Test Corpus

WER on ESTER 1 Test Corpus on segments that contain proper 
nouns
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Statistical Machine 
Translation

• SMT system combination

quent errors produced by our ASR system, according to the
analysis of confusion pairs.

To repair errors, we sought to use formal rules whenever
possible. But this approach could not be the only one. In par-
ticular, formal rules are not very robust to errors existing in the
lexical context of a targeted word. Thus, when it was possible
to establish a formal rule, we did. If not, we tried to use a statis-
tical method based on the use of a statistical classifier in order
to correct a hypothesis word being a past participle. The statis-
tical method, presented in [13], used various knowledge bases:
lexical information, acoustic information, part-of-speech (POS)
tags, syntactic chunk categories, or other information levels.
Moreover, acoustic information, given by the ASR system, is
used to filter some potential corrections: a correction is valid
only if one of its pronunciation variant matches the pronuncia-
tion variant of the targeted word.

The method using formal rules, presented in [13], allowed
to reduce the error rate for homophonous errors on words “cent”
and “vingt” by 86.4% on our test corpus. The stochastic method
which must repair errors due to the homophonous inflected
forms of past participles, allowed to reduce the error rate for
this kind of errors by 11%.

8. Spontaneous speech characterization and
detection in large audio database

We were also interested in detecting spontaneous speech in a
large audio database. Spontaneous speech, in opposition to
prepared speech, occurs in Broadcast News (BN) data under
several forms: interviews, debates, dialogues, etc. The main
evidences characterizing spontaneous speech are disfluencies
(filled pauses, repetitions, repairs and false starts), ungrammati-
cality and a language register different from the one that can be
found in written texts. Depending on the speaker, the emotional
state and the context, the language used can be very different.
Processing spontaneous speech is one of the many challenges
that ASR systems have to deal with. Indeed, automatically tran-
scribing spontaneous speech is a more difficult task than auto-
matically transcribing prepared speech (WER is higher).

In [14], we proposed a set of features for characterizing
spontaneous speech. The relevance of these features was es-
timated on an 11 hour corpus (French Broadcast News) manu-
ally labelled by two human judges according to a level of spon-
taneity in a scale from 1 (clean, prepared speech) to 10 (highly
disfluent speech, almost not understandable). The corpus was
cut into segments thanks to automatic segmentation and diariza-
tion, and transcripted by the Sphinx decoder, before being anno-
tated. Later, segments were labeled into three classes (prepared,
low spontaneity and high spontaneity) depending of its level of
spontaneity. In this work, we particularly focused on the detec-
tion of the high spontaneity class of speech.

In parallel to the subjective annotation of the corpus, we in-
troduced the features used to describe speech segments. We
chose speech segments that are relevant to characterize the
spontaneity of those, and on which an automatic classification
process can be trained on our annotated corpus. Three sets of
features were used [14, 15]: acoustic features related to prosody,
linguistic features related to the lexical and syntactic content of
the segments, and confidence measures output by ASR system.
The features were evaluated on our labeled corpus with a clas-
sification task: labeling speech segments according to the three
classes of spontaneity.

Intuitively, we can feel that it should be rare to observe a

high spontaneity speech segment surrounded by two prepared
speech segments. Our previous approach, presented in [14],
takes only into consideration the descriptors which are extracted
from within the targeted segment, without taking into consider-
ation information about surrounding segments. In order to im-
prove our approach, we proposed in [15] to take into account
the nature of the contiguous neighboring speech segments. It
implies that the categorization of each speech segment from
an audio file has an impact on the categorization of the other
segments: the decision process becomes a global process. We
chose to use a statistical classical approach by using a max-
imum likelihood method. With all these improvements, our
method allowed to achieve a 69.3% precision for high spon-
taneous speech detection with a recall measure of 74.6% .

9. Using CMU Sphinx tools for Statistical
Machine Translation

The LIUM laboratory is working on speech processing and ma-
chine translation. The speech team has used the Sphinx library
for several years. Since last year, the machine translation team
has developed system combination tools based on decoding lat-
tices made of several confusion networks provided by different
statistical machine translation (SMT) systems. In order to de-
code these lattices, a token passing decoder has been developed.
This decoder uses the Sphinx 4 library which is in Java. The fol-
lowing sections describe the approach for system combination,
the alignment of hypotheses and the token pass decoder.

10. SMT System combination
The system combination approach is based on confusion net-
work decoding as described in [16, 17] and shown in Figure 1.
The protocol can be decomposed into three steps :

1. 1-best hypotheses from all M systems are aligned and
confusion networks are built.

2. All confusion networks are connected into a single lattice
with empirically estimated prior probabilities on the first
arcs.

3. The resulting lattice is decoded and the 1-best hypothesis
and/or n-best list of hypotheses are generated.

System 0

System 1

TERp 
alignment LM

output

1-best 
output

1-best 
output

TERp 
alignment DECODEMerge

System M

1-best 
output

TERp 
alignment

{best hypo

nbest listLattice

CN

CN

CN

Figure 1: MT system combination.

10.1. Hypotheses alignment and confusion network gener-
ation

For each segment, the best hypotheses of M ! 1 systems are
aligned against the last one used as backbone. A modified ver-
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Statistical Machine 
Translation

• Decoding

• Token pass decoding algorithm

• Based on the Sphinx 4 library

• Using a language model hosted on a lm-server (no restriction of 
n-gram size)

• Probabilities computed by the decoder:

sion of the TERp tool [18] is used to generate a confusion net-
work. This is done by incrementally adding the hypotheses to
the CN. These hypotheses are added to the backbone beginning
with the nearest (in terms of TERp) and ending with the more
distant ones. This differs from the result of [17] where the near-
est hypothesis is computed at each step. M confusion networks
are generated in this way. Then all the confusion networks are
connected into a single lattice by adding a first and last node.
The probability of the first arcs (named priors) must reflect the
capacity of such system to provide a well structured hypothesis.

10.2. Decoding

The decoder is based on the token pass decoding algorithm. The
principle of this decoder is to propagate tokens over the lattice
and accumulate various scores into a global score for each hy-
potheses.

The scores used to evaluate the hypotheses are the follow-
ing :

• System score : this replaces the score of the translation
model. Until now, the words given by all systems have
the same probability which is equal to their prior, but any
confidence measure can be used at this step.

• Language model (LM) probability.

• A fudge factor to balance the probabilities provided in
the lattice with regard to those given by the language
model.

• a null-arc penalty : this penalty avoids always going
through null-arcs encountered in the lattice.

• A length penalty : this score helps to generate well sized
hypotheses.

The probabilities computed in the decoder can be expressed
as follow :

log(PW ) =

Len(W )X

n=0

[log(Pws(n)) + !Plm(n)] (1)

+Lenpen(W ) + Nullpen(W )

where Len(W ) is the length of the hypothesis, Pws(n) is
the score of the nth word in the lattice, Plm(n) is its LM proba-
bility, ! is the fudge factor, Lenpen(W ) is the length penalty of
the word sequence and Nullpen(W ) is the penalty associated
with the number of null-arcs crossed to obtain the hypothesis.

At the beginning, one token is created at the first node of
the lattice. Then this token is spread over consecutive nodes,
accumulating the score on the arc it crosses, the language model
probability of the word sequence generated so far and the null
or length penalty when applicable. The number of tokens can
increase really quickly to cover the whole lattice, and, in order
to keep it tractable, only the Nmax best tokens are kept (the
others are discarded), where Nmax can be configured in the
configuration file.

10.2.1. Technical details about the token pass decoder

This software is based on the Sphinx4 library and is highly con-
figurable. The maximum number of tokens being considered
during decoding, the fudge factor, the null-arc penalty and the
length penalty can all be set within an XML configuration file.
This is really useful for tuning.

This decoder uses a language model (LM) which is de-
scribed in section 10.2.2.

10.2.2. Language Model

There are two ways of loading a LM with this software.
The first solution is to use the LargeTrigramModel class,

but as its name tells us, only a maximum 3-gram model can be
loaded with this class.

The second and easiest way is to use a language model
hosted on a lm-server. This kind of LM can be accessed via the
LanguageModelOnServer class which is based on the generic
LanguageModel class from the Sphinx4 library. This allow us
to load a n-gram LM with n higher than 3, which is not possible
with a standard LM class in Sphinx4 ... at this time. Actually,
a new generic class for handling k-gram LM (whatever is k) is
being developed at LIUM and will be integrated soon into this
software.

In addition, the Dictionary interface has been extended in
order to be able to load a simple dictionary containing all the
words known by the LM (no need to know the different pronun-
ciations of each words in this case).

11. Experimental Evaluation of SMT
System Combination

We used our combination system, called MTSyscomb [19], for
the IWSLT’09 evaluation campaign [20]. Table 3 presents the
results obtained with this approach. The SMT system is based
on MOSES [21], the SPE system correspond to a rule-based
system from SYSTRAN whose outputs have been corrected by
a SMT system and the Hierarchical is based on Joshua [22].

Systems Arabic/English Chinese/English
Dev7 Test09 Dev7 Test09

SMT 54.75 50.35 41.71 36.04
SPE 48.13 - 41.23 38.53
Hierarchical 54.00 49.06 39.78 31.89
SMT + SPE 42.55 40.14
+ tuning 43.06 39.46
SMT + Hier. 55.89 50.86
+ tuning 57.01 51.74

Table 3: Results of system combination on Dev7 (development)
corpus and Test09, the official test corpus of IWSLT’09 evalua-
tion campaign.

In these tasks, the system combination approach yielded
+1.39 BLEU on Ar/En and +1.7 BLEU on Zh/En. One obser-
vation is that tuning parameters did not provided better results
for Zh/En.

12. Conclusion
This paper presents some recent research works made at LIUM.
We have started using CMU Sphinx tools in 2004 in order to de-
velop an entire ASR system in French language. We have added
some improvements and have made our system the best open
source system participating to French evaluation campaigns.
This system is now at the center of the research works of the
LIUM Speech Team. In the framework of speech processing,
these works include grapheme-to-phoneme conversion, special
strategy of correction to process frequent specific errors, de-
tection and characterization of spontaneous speech in large au-
dio database. We used also CMU Sphinx tools in our research
work on statistical machine translation to combine SMT system.
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Statistical Machine 
Translation

• System successfully used in the IWSLT’09 evaluation 
campaign

• Open-source and available here:

• http://www-lium.univ-lemans.fr/~barrault/MANY
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Improving French ASR by 
targeting specific errors

• Context
• Errors, which do not prevent understanding, are often neglected

• Example: agreement in number and gender

• But could be important for some applications (subtitling, 
assisted-transcription...)
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• Approach
• Repair some errors by post-processing the ASR output obtained 

with the Sphinx decoder

• Build a specific correction solution for each specific error

• Complex grammatical rules can not be modeled with a n-gram 
language model

Improving French ASR by 
targeting specific errors
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110 ! à " a

91 ! est " ces

70 ! cent " cents

69 ! est " et

45 ! des " les

9 ! vingts " vingt

7 ! chargée " chargé

4 ! organisée " organisé

4 ! force " forces

etc.

Confusion pairs in ASR outputs

Analysis of most frequent errors 

and generalization
Find agreement errors that seem correctable

Automatic error detection

Use of a specific detector for each 
kind of error

Automatic error recovery Potential errors

Statistical Method Formal Rule

Improving French ASR by 
targeting specific errors
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Rate of agreement errors on word 
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Rate of past participles having an 
agreement error

Improving French ASR by 
targeting specific errors
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• Approach
• Spontaneous speech

• Disfluencies, ungrammaticality...

• More difficult to transcribe than prepared speech

• Study specific features of spontaneous speech in opposition to 
prepared speech

Spontaneous speech 
characterization and detection
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• Corpus

• 11 hour corpus (French Broadcast News)

• Manually labeled by two human judges

• 3 classes of spontaneity (prepared, low sponta., high sponta.)

• Cut into segments (automatic segmentation and diarization)

• Transcribed (by the Sphinx decoder)

Spontaneous speech 
characterization and detection
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• Automatic detection (two levels)

• At segment level

• 3 sets of features used (acoustic, linguistic and confidence 
measures given by ASR)

• Classification process

• At audio file level

• Taking into consideration information about surrounding 
segments after segment classification

• Statistical method

Spontaneous speech 
characterization and detection

19



Spontaneous speech 
characterization and detection
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Fig. 1. Detection performance of high spontaneous segments according to
a varying threshold on the classification score

By examining the results of the global+all(asr) condition,
we observe that the probabilistic contextual tag model applied
on the all(asr) condition allows to significantly improve the
performance of the classification whatever the class of spon-
taneity or the metric used.

In fact, in this article we are particularly interested on the
detection of high spontaneous speech segments. By accepting
all the propositions of the classification, our method allows
to achieve a 69.3% precision for high spontaneous speech
detection with a 74.6% recall measure, as presented in table II.
More precisely, 83.5% of high spontaneous detection errors are
due to confusion between low and high spontaneous speech.

Using the scores c(si) given by the classifier combined with
the probabilities P (si|si!1, si+1) provided by the contextual
tag model, it is possible to filter the proposition by applying
a threshold to the value of c(si)! P (si|si!1, si+1).

Figure 1 presents the detection performance obtained by
changing the threshold on classification score for high sponta-
neous segments: we can see that our system could be more ac-
curate (precision increase) when we take less decisions (recall
decrease). This possibility of thresholding can adapt the use
of the classification method by finding the best compromise
between recall and precision for the targeted application.

The new global approach all+global(asr) using a proba-
bilistic model really outperforms the previous local approach
all(asr) : whatever the threshold value, this new approach
allows to reach a better precision with a better recall.

VI. CONCLUSION

We propose a set of acoustic and linguistic features that
can be used for characterizing and detecting spontaneous
speech segments from large audio databases. To better define
this notion of unprepared speech, a set of speech segments
representing an 11 hour corpus (French Broadcast News) has
been manually labelled according to a level of spontaneity.

The acoustic and linguistic features are evaluated in order to
characterize and detect spontaneous speech segments: the com-
bination of acoustic and linguistic features extracted from ASR

outputs obtains a better precision and a better recall than the
linguistic features extracted from the reference transcriptions
alone. Moreover, using a probabilistic contextual tag-sequence
model to globalize the classification process allows a better
74.6% precision in the detection of high spontaneous speech
with a 69.3% recall measure, and 83.5% of high spontaneous
speech detection errors are due to confusion between low and
high spontaneous speech.

By applying a threshold on the scores obtained during the
classification process, the high spontaneous speech detection
precision can reach 85%, but with a recall equals to 25%.
Although the classification task of labeling speech segments
according to the spontaneity level is hard — even for human
annotators — much progress has been made in the automatic
detection since our previous work [1], mainly due to an
improvement of the ASR system, but especially due to the
addition of the probabilistic contextual tag model allowing a
more global classification process.

This spontaneous speech detection provides very useful
piece of information which can be used by various applica-
tions: speech recognition, for example, by developing specific
methods for minimizing the word error rate on this kind of
speech; but also, for example, by providing additional infor-
mation to automatic structuring or classification of collections
of audio documents in large audio database.
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Discussion (1)

• At this time, it is hard for us to merge our code with the 
current Sphinx code

• we have developed the major part of our current tools from 

• Sphinx4-beta1 (2004) 

• Sphinx3.5 (2005) 

• SphinxTrain (2003)

• In the mean time, the official code evolved a lot

• it’s a good thing for Sphinx, but it’s hard for us to merge 
against that code
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Discussion (2)

• Is it possible to build a common roadmap to 
anticipate future changes (and to help for future 

collaboration between all the Sphinx developers)?

• Can we work together around a common project 
(demonstrator, evaluation campaign, or other)?

• in order to federate our efforts

• to valorize the CMU Sphinx project
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Contacts
• General contact: yannick.esteve@lium.univ-lemans.fr

• Sphinx Development

• yannick.esteve@lium.univ-lemans.fr

• sylvain.meignier@lium.univ-lemans.fr

• paul.deleglise@lium.univ-lemans.fr

• Acoustic-Based phonetic transcription method for proper nouns

• antoine.laurent@lium.univ-lemans.fr

• Combining outputs of machine translation

• loic.barrault@lium.univ-lemans.fr

• Specific corrections for specific errors in French

• richard.dufour@lium.univ-lemans.fr

• Spontaneous speech detection in large audio database

• richard.dufour@lium.univ-lemans.fr
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