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Abstract—A novel bottom-up decoding framework for large
vocabulary continuous speech recognition (LVCSR) with a mod-
ular search strategy is presented. Weighted finite state machines
(WFSMs) are utilized to accomplish stage-by-stage acoustic-to-
linguistic mappings from low-level speech attributes to high-level
linguistic units in a bottom-up manner. Probabilistic attribute
and phone lattices are used as intermediate vehicles to facilitate
knowledge integration at different levels of the speech knowl-
edge hierarchy. The final decoded sentence is obtained by per-
forming lexical access and applying syntactical constraints. Two
key factors are critical to warrant a high recognition accuracy,
namely: (i) generation of high-precision sets of competing hy-
potheses at every intermediate stage; and (ii) low-error pruning
of unlikely theories to reduce input lattice sizes while maintaining
high-quality hypotheses for the next layers of knowledge integra-
tion. The decoupled nature of the proposed techniques allows
us to obtain recognition results at all stages, including attribute,
phone and word levels, and enables an integration of various
knowledge sources not easily done in the state-of-the-art hidden
Markov model (HMM) systems based on top-down knowledge in-
tegration. Evaluation on the Nov92 test set of the 5000-word, Wall
Street Journal task demonstrates that high-accuracy attribute
and phone classification can be attained. As for word recog-
nition, the proposed WFSM-based framework achieves encour-
aging word error rates. Finally, by combining attribute scores
with the conventional HMM likelihood scores and re-ordering
the -best lists obtained from the word lattices generated with
the proposed WFSM system, the word error rate (WER) can be
further reduced.

Index Terms—Artificial neural network, knowledge integration,
large vocabulary continuous speech recognition (LVCSR), speech
attribute detection, weighted finite state machines (WFSM).

I. INTRODUCTION

S TATE-OF-THE-ART automatic speech recognition
(ASR) technology is based on a pattern matching

framework that is motivated by expressing spoken utterances
as stochastic patterns [1]. Hidden Markov models (HMMs)
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(e.g., [2]) have then been used to characterize these speech
patterns, from phones to syllables, words and sentences. A
single finite state network (FSN), composed of acoustic HMM
states of grammar nodes and their connecting arcs [3], is then
constructed to represent all ASR task constraints, known as
top-down knowledge integration. For a given input utterance
ASR is performed by searching the FSN via dynamic pro-
gramming (DP) based optimal decoding (e.g., [4]) to obtain
the most likely sequence of words as the recognized sentence
using maximum a posteriori (MAP) decoding (e.g., [5], [6]).
We will refer to this type of decoding strategy as integrated
search.
This statistical pattern matching approach to ASR relies on

collecting a large amount of speech and text examples and
learning the HMM parameters without the need to use detailed
knowledge about a target language. It offers an advantage for
automatic model learning from data via a rigorous mathemat-
ical formulation. We have witnessed almost four decades on
three major HMM technology advances, namely: (i) detailed
modeling – capable of characterizing thousands of context-de-
pendent phone units with millions of parameters using publicly
available software packages (e.g., HTK [7]); (ii) adaptive
modeling – capable of learning an unseen acoustic condition
with a small amount of condition-specific adaptation data (e.g.,
[6], [8]–[10]); and (iii) discriminative modeling – capable of
obtaining HMMs that are discriminative among competing unit
models (e.g., [11]–[15]).
On the other hand, speech researchers would agree that the

ASR problem is still far from solved due to the degrading perfor-
mance of the state-of-the-art ASR systems in mismatch training
and testing conditions. Furthermore, poor accuracies are ob-
served when dealing with spontaneous speech, where ill-formed
utterances are usually encountered. It is worth noting that the
word error rate (WER) on the Switchboard task [16] has been
reduced to below 20% only very recently [17], and yet this level
of performance is still rather poor when compared with LVCSR
tasks of a similar complexity, e.g., theWall Street Journal (WSJ)
task [18].
In order to mitigate some of the ASR limitations, we have

seen the utilization of knowledge sources in speech production
(e.g., [19], [20]) and auditory processing and perception (e.g.,
[21]–[23]. Many of them are not easily integrated into the con-
ventional top-down ASR systems. The need for alternative ASR
paradigms that are capable of leveraging on existing speech
literature has thus attracted some research attention in recent
years, and a few significant examples closely related to our work
will be briefly reviewed in Section III. Most of these attempts
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focused on detecting speech cues or acoustic landmarks that are
usually utilized in a bottom-up manner. The process facilitates a
“divide-and-conquer” strategy so that researchers from different
corners of the world can collaborate by contributing their best
detectors or knowledge integration modules to plug-and-play
into the overall system design.
In this paper, we present a decoding framework that em-

ploys a decoupled search strategy as opposed to the delayed
decision, integrated search approach. ASR is accomplished in
a bottom-up, stage-by-stage fashion by performing back-end
lexical access and syntax knowledge integration over the output
of a high-accuracy phone-based front-end, which generates
frame-level speech attribute detection scores and phone pos-
terior probabilities. The AT&T WFSM [24] package has been
used to implement the proposed decoding framework, because
it offers a flexible architecture that will ease future integration
of more complex types of knowledge sources. Other similar
tools, such as OpenFST [25], can also be utilized.
Two key factors are critical to warrant a high recognition ac-

curacy using a bottom-up modular search strategy, namely: (i)
high-precision phone lattice generation at every intermediate
high-accuracy front-end; and (ii) low-error pruning of unlikely
theories to reduce input lattice sizes while maintaining high-
quality hypotheses for the next stages of knowledge integra-
tion. In the current implementation we use multi-layer percep-
trons (MLPs) to realize both attribute detection, phone classifi-
cation, and attribute-to-phone mapping for phone lattice gener-
ation. We also use probability scores at the attribute, phone, and
word levels to perform lattice pruning.
We evaluated the proposed technique on the 5000-word WSJ

task using the Nov92 test set of 330 test utterances. Earlier
findings were reported in [26]. We have observed that the
proposed approach outperforms the TANDEM ASR system
[27] where phone probability vectors generated by an ANN are
used as normal feature vectors in a conventional HMM-based
system. Furthermore, our approach attains superior perfor-
mance to various connectionist LVCSR [28] evaluated on the
same task [29]. Finally, by combining attribute scores with
the conventional HMM likelihood scores and re-ordering the
-best lists obtained from the word lattices generated with the

proposedWFSM system, the resultingWERs are lower than the
conventional HMM-based systems trained with either the ML
or MMI criterion without taking advantage of the additional
information provided by the high-precision speech attribute
detectors and the high-quality word lattices.
The remainder of the paper is organized as follows: Section II

compares the traditional recognition framework with the
bottom-up modular paradigm. Section III provides a brief
survey of recent alternative ASR paradigms related to our
work. Section IV describes the proposed bottom-up, decoupled
LVCSR system. The two key modules, the high-accuracy
front-end and the knowledge-integration back-end, are dis-
cussed in detail. Next, we present the experimental setup and
report the experimental results in Section V. A discussion on
some limitations of the currently prevailing integrated search
and potential remedies offered by the proposed bottom-up
modular search strategy is given in Section VI. Finally we
summarize our findings in Section VII.

Fig. 1. A block diagram of a typical top-down approach to LVCSR with an
integrated search strategy.

II. TOP-DOWN VS. BOTTOM-UP LVCSR

Fig. 1(a) gives a pictorial representation of how spoken ut-
terances are formed under a top-down ASR paradigm. Hence
a sequence of words is seen as being composed of a sequence
of phoneme units, which are in turn composed of a sequence
of HMM states. HMMs have the nice property that they can
simultaneously characterize spectral and temporal variations of
the acoustic feature vectors. The notion that a word is composed
of a sequence of phonemes is often referred to as “beads-on-a-
string” [30], [31].
A block diagram of the top-down ASR system with an

integrated search is shown in Fig. 1(b). The feature extraction
module typically performs time-synchronous cepstral analysis.
The “Pattern Matcher” block generates a finite state network
representation of all key task constraints, such as lexicon and
language model. In principle, this search strategy achieves
the highest performance if all the knowledge sources can be
completely characterized and fully integrated using the speech
knowledge hierarchy in the linguistic structure of acoustics,
lexicon, syntax and semantics.
On the other hand, the compiled FSN for LVCSR tasks

is often too large, and it therefore becomes computationally
expensive to find the best sentence through a huge and ever-ex-
panding search space. Thus all knowledge sources must be kept
simple in order to be efficiently combined into a single search
space. This has particularly inhibited progress at the linguistic
level, and almost all LVCSR systems employ non-optimal
linguistic components such as static lexicons (lexicalization of
morphological processes) and -gram language models (LMs)
which force the decoding process to generate hypotheses which
sometimes conflict with the acoustic constraints as shown
in [32].
The top-down integrated framework therefore often ham-

pers the definition of generic knowledge sources that can be
used in different domains. As a result, applications for a new
knowledge domain need to be built almost from scratch. In
addition, the effectiveness of the integrated search diminishes
when dealing with unconstrained speech input, since more
complex language models are needed for handling spontaneous
speech, which often includes extraneous words, hesitations,
repetitions and unexpected expressions. In some cases, we even
can observe many utterances that are totally irrelevant to the
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Fig. 2. A block diagram of the proposed bottom-up LVCSR with a decoupled
modular search strategy.

task. These kinds of spoken utterances cannot be completely
characterized even if a large amount of training speech data is
available.
For the bottom-up decoupled approach to ASR shown in

Fig. 2(a), the recognized sentence can be obtained through
sequential refinements starting from the raw speech signal up
to the sequence of words. As long as the interface between the
adjacent decoding modules can be completely specified, each
module can be designed and tested separately. It should be
pointed out that a word could in theory be directly expressed in
terms of phonetic features, which are more fundamental units
than phonemes [33]. This solution would allow us to overcome
the main issue of the “beads-on-a-string” paradigm that forces
a sequence of acoustic observations to be synchronized with a
sequence of phonemes.
A block diagram of the proposed bottom-up modular LVCSR

system is illustrated in Fig. 2(b) in which the front-end is real-
ized with a speech analysis ensemble to produce all the speech
parameters and a bank of attribute detectors intended to spot
all the relevant speech cues and events to be passed on for the
next stage of knowledge integration. ASR is accomplished in a
bottom-up fashion by performing back-end lexical access and
syntax knowledge integration over the output of our high-ac-
curacy front-end, which generates frame-level speech attribute
detection scores and phone posterior probabilities.
Multi-stage recognition has been proposed in the past, e.g.,

[34], [35]. Nonetheless simple versions of all knowledge
sources are using the initial decoding step, and an integrated
search is adopted. A rescoring mechanism is then employed
to obtain better recognition results by using more complex
models. In contrast, the key idea of the proposed modular
search strategy is to use the best models available at each
recognition stage (e.g., best nasal detector) in order to minimize
information loss. We believe that modularity can allow more
accurate and less domain dependent recognition at the expense
of recognition speed.

III. RELATED ALTERNATIVE APPROACHES TO ASR

In this section we provide a brief review of some alternative
ASR approaches that are related to bottom-up LVCSR. In [36],

good performance was demonstrated in a speech understanding
task by using key phrase detection followed by utterance verifi-
cation. Specifically, this framework was able to maintain a good
accuracy for well-formed utterances while performing much
better than integrated search approaches for ill-formed utter-
ances. In [37], a template-based approach to ASRwas proposed.
However a good template selection procedure is required in
order to keep the computational load within bounds. New the-
ories of nonlinear phonology, articulatory phonology, and land-
mark-based speech perception were employed in [38] to design
a segment-based, multi-stage recognizer.
In [39], three landmark-based ASR systems were proposed

and differed by the pronunciation model used. Several goals,
representing a step forward in knowledge-based approach to
ASR, had been achieved in that study. For example, the pro-
posed two-stage algorithm can find prominent landmark differ-
ences among words in different hypotheses and trigger a se-
lected number of landmark detectors that help to choose the
best theory. Unfortunately, the LVCSR results were not as com-
pelling as expected.
The FlaVoR decoder proposed in [40] employed a modular

architecture to tackle ASR. The system is a two-layered ar-
chitecture where the first layer is a phone decoder that gen-
erates a dense phone network, and the second layer is a ro-
bust decoder that finds those words from the lexicon that match
well with the phone sequences encoded in the phone network.
The acoustic models used in FlaVoR were context-dependent
tied-state phoneme HMMs. Furthermore, morpho-phonological
and a morpho-syntactic knowledge were fused in a single fi-
nite-state transducer.
It is interesting to notice that FlaVoR and the proposed

bottom-up modular approach share the same goal: to abandon
the standard all-in-one search strategy with integrated acoustic,
lexical and language model information in favor of a modular
search framework which allows for the integration of more
complex linguistic components, especially with unconstrained
LVCSR [41]. FlaVoR tried to combine the advantages of
top-down and bottom-up strategies using a single framework
where the two paradigms meet at some convenient or in-
termediate levels in which a phone graph can be generated.
Nonetheless, a finer stage-by-stage search technique is imple-
mented in our current study where more complex models and
additional information are used to refine the search space in
subsequent passes.
In [42], the authors argued that speech features and lexical

words are inherently correlated in natural language and demon-
strated better recognition accuracies can be obtained by jointly
optimizing acoustic and linguistic parameters according to the
maximum entropy principle. Conditional random fields (CRFs)
[43] are a mathematical tool that can also be pursue joint opti-
mization of independent features, and a recent CRF approach to
LVCSR [44], [45] with a companion toolkit called SCARF [46]
was developed for performing ASR with segmental CRFs.
The recently proposed automatic speech attribute transcrip-

tion (ASAT) framework [47], [48] views ASR from bottom-up
in a “divide-and-conquer” perspective and aims at identifying
acoustic and linguistic information not fully exploited by the
current top-down ASR paradigm. Our bottom-up approach to
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Fig. 3. The overall bottom-up LVCSR system with decoupled search strategy.
The front-end generates phone posterior probabilities which are fed into the
WFSM module at a word level, and then rescored using a trigram LM.

LVCSR, which was derived from ASAT, will be presented in
detail in the following.

IV. OVERALL BOTTOM-UP LVCSR SYSTEM

The proposed WFSM-based system consists of three main
modules: (i) a high-accuracy front-end that scores speech
frames and generates phoneme posterior probabilities, (ii) a
module that combines these scores and generates a word-level
lattice, and (iii) a language model rescoring block. The first
module is practically a phone classifier based on two com-
ponents (i) an ensemble of speech attribute detectors, each
of which independently analyzes input speech and provides
a set of detection scores, and a merging block that combines
these detection scores and generates phone posterior probabil-
ities, and (ii) a hierarchical structure of MLPs that generates
phoneme posterior probabilities for each input speech. The
second module is a chain ofWFSMs that generates a word-level
lattice, later referred as WFSM-lattice, by imposing duration,
lexical, and grammar constraints. In the future, possible addi-
tional information available at each step can be integrated with
ease. Complex models can also be employed. The final block is
an LM rescoring module that integrates trigram LM informa-
tion and produces the most likely sentence hypotheses, or
-best list. The overall system is a bottom-up, stepwise word

decoder, as shown in Fig. 3.

A. Front-End

The front-end shown in the lower part of Fig. 3 consists of two
blocks: a detection-based front-end that scores speech attributes
and generates phoneme posterior probabilities, and a phoneme
classifier based on a hierarchical structure of three MLPs.
The upper part of Fig. 3 shows the detection-based front-end

used in this study. It consists of two main blocks: (i) a bank of
speech attribute detectors that provides attribute posterior prob-
abilities; and (ii) an event merger that maps attribute posteriors
into phoneme posteriors. An attribute detector was built for
each of the following 20 phonetic features: fricative, approxi-

mant, nasal, stop, vowel, coronal, dental, glottal, high, labial,
low, mid, retroflex, velar, anterior, back, continuant, round,
tense, and voiced. Furthermore, a detector for silence was also
designed. Each detector analyzes a frame of the input speech
signal and classifies a given input into “attribute present” or
“attribute absent” outputs. The bank of attribute detectors was
implemented using a hierarchical structure of MLPs. The goal
is to exploit long temporal dependencies in the speech signal,
since that has been proven beneficial in several classification
tasks, e.g., [49]–[52]. This will also help the attribute and
posterior models because they are all context-independent in
contrast to state-of-the-art acoustic triphone models.
Long temporal information is taken into account by ex-

tracting sub-band energy trajectories with a 23-band uniform
mel-frequency filterbank. For each critical band a window of
310ms centered around the frame being processed is considered
and split in two halves: left-context and right-context (referred
to as split temporal context features) [50]. Two independent
front-end MLPs (“lower nets”) are trained on those two halves
and generate left- and right-context speech attribute posterior
probabilities, respectively. Usually, the discrete cosine trans-
form is applied to the input of these lower nets to reduce the
dimensionality (see [50] for more details). The outputs of the
two lower nets are then sent to the third MLP that acts as a
merger and gives the attribute posterior probability of the target
speech attribute. Feed-forward MLPs were used with a single
hidden layer having 500 hidden units.
The “Append Module” stacks together the outputs delivered

by the attribute detectors along with a 39-dimensional vector
of Mel-frequency cepstrum coefficients for a given input frame
and generates a supervector. The “Merger” is then trained using
these supervectors to generate posterior probabilities at a phone
level. A frame-based MLP with a single hidden layer having
1500 hidden units was used to implement the “Merger.” This
MLP discriminates between 40 phoneme classes.
The “Phoneme Classifier” shown in the lower part of Fig. 3

is implemented with a hierarchical structure of three MLPs
trained over long temporal features generated as described
above. Specifically, two independent front-end MLPs (“lower
nets”) is trained on the left- and right-context of the split tem-
poral context features to generate left- and right-context speech
phoneme posterior probabilities, respectively. The outputs of
the two lower nets are then sent to a third MLP that acts as a
merger and gives the phone posterior probability of the target
speech attribute. Each MLP has a single-hidden layer having
800 hidden units. The “Phoneme Classifier” is directly trained
on acoustic features rather than on attribute scores like the
“Merger.”
The phoneme posterior probabilities at the output of the

“FRONT-END” module are compted using a linear combi-
nation rule. Specifically, given two classifiers and classes

, the sum rule used to combine these two classifiers,

(1)

Here and denote the interpolation coefficients, and
is the phone posterior probability for class esti-
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mated by the th classifiers. In the following experiments,
and were set to 0.5.
In this paper, the sigmoid and softmax non-linearities are

used throughout as activation functions in the hidden and output
nodes, respectively. The standard back propagation algorithm
[53] is adopted as the training method, and to avoid over-fitting,
the reduction in classification error on a development set during
the training phase is chosen as a stopping criterion.
The ICSI QuickNet neural network software package1 is used

to implement both attribute detectors and phoneme classifiers.

B. Knowledge Integration Back-End

LVCSR is accomplished by bottom-up knowledge inte-
gration, starting with the frame-level evidence gathered at
the output of the front-end at the bottom level represented
as an acceptor ( ). In practice, is a graph with a number
of states that equals the length of the input sentence (in
frames), and a number of edges between each consecu-
tive pair of states that equals the output dimension of the
merger (i.e., the number of events/phonemes to be classi-
fied). Each transition edge carries a weight that is equal to

.
In this work, we assumed all phonemes have the same prior
probability. Thus, each arc carries a cost represented as a posi-
tive number. A duration transducer is a three-state FSM that
maps sequences of frames into a single phoneme symbol. is
composed with the feature acceptor in order to ensure a min-
imum duration of three frames for each single phone unit, and
a recognition network is obtained after composition. The
weights of are generated by the conventional ML estimation
procedure usually adopted to train the transition matrix of a
conventional HMM-based LVCSR system [54]. Word recogni-
tion can now be performed by lexical access to a vocabulary of
words along with integration of syntax knowledge. These two
tasks are accomplished by composing the transducer with
a lexicon transducer ( ) and a back-off language acceptor ( ).
A recognition network ( ) that maps frame distributions

on the input side to word strings on the output side can be ob-
tained as follows:

(2)

where indicates the composition operation. indicates the
determinization procedure, and refers to the minimization
process. The WFSM paradigm can thus be utilized to combine
all levels of knowledge sources in our proposed LVCSR system
into an integrated .
As mentioned earlier, the advantages of introducing modu-

larity in the ASR engine come with a cost, namely a slow recog-
nition speed and a large memory requirement. To address these
issues, a decoding strategy with a decoupled knowledge inte-
gration scheme is implemented as follows:

(3)

where the prime symbol ( ) indicates that a pruning operation
has been performed before composition, and the parentheses

1ICSI quicknet software package, http://www.icsi.berkeley.edu/speech/
qn.htm

Fig. 4. Decoupled, bottom-up, detection-based LVCSR with a bigram LM.

mark the composition stages. Minimization and determiniza-
tion were performed although not shown in (3). The decoupled

( ) was then rescored with a trigram LM. The pruning
process at the output of each composition step is performed to
remove highly unlikely search paths and thus reduce the size
of the intermediate recognition networks. Because of this op-
eration some correct states and paths may be removed before
the next stage of knowledge composition and cause search and
recognition errors. Care is needed to minimize such problems.

C. LVCSR Implementation

Fig. 4 shows how the decoupled approach is implemented
in practice using WFSMs. The original feature acceptor
is pruned and composed with the duration transducer to
generate a recognition network at the phone-level .
Therefore, the next combination is that gives a
word-level recognition network by integrating lexical knowl-
edge. After pruning, this word-level network is composed with

to integrate bigram LM information. A bigram LM
was employed first to keep the memory usage within limits. The
final grammar-constrained word-level is thus generated
and sent to the trigram LM rescoring module, as shown in the
bottom part of Fig. 3 to re-order the decoding paths embedded
in . The output of this step is a word-level lattice over
which either the best path or the -best list is computed and
delivered.

V. SYSTEM SETUP AND EXPERIMENTAL RESULTS

All systems were evaluated on the speaker-independent,
5,000-word WSJ0 (5k-WSJ0) task [18]. The training material
consisted of 7,077 utterances from 84 speakers (SI-84), i.e.,
15.3 hours of speech. A cross-validation (CV) set was gener-
ated by extracting 200 sentences from the SI-84 set. This CV
subset accounted for about 3% of the whole training material
set and was used to stop the training iterations of the detec-
tion-based attribute detectors and event merger. The remaining
6,877 SI-84 sentences were utilized to train the knowledge
module. Evaluation was performed on the Nov92 evaluation
set, consisting of 330 utterances from 8 speakers.
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A. Configuration of Comparison Systems

The proposed system, referred to as DET-WFSM, so called
because of detection-based nature of part of the front-end, was
described in Section IV-C. In order to demonstrate that our
system really benefits from using the WFSM with the particular
pruning mechanism and not from applying discriminative
ANN-based input features, the output of the front-end shown in
Fig. 3 was used to build a TANDEM system [27]. Moreover, the
performance of two hybrid HMM systems trained on the same
SI-84 and evaluated on the same Nov92 test set reported in [29]
are also included here for comparison. These systems differ in
their feed-forward MLP architectures and are denoted LOQ-1
and LOQ-2, respectively2. It is noted that both the TANDEM
and the hybrid HMM/ANN techniques employed a top-down
integrated search approach to ASR.
For the sake of comparison, a baseline HMM/GMM LVCSR

system was also built using HTK [7]. The parameters of the
acoustic models were estimated using classical ML estimation
[54], [55]. Moreover, another HMM/GMM LVCSR system, re-
ferred to as MMI-HMM, was built using the MMI criterion [11]
with the ML-HMM as seed models. The reader is referred to
[26] for additional details about the baseline systems.
A decoupled search approach was also simulated using the

standard HMM based acoustic models. Word recognition was
accomplished as follows: (i) producing word-level lattices
by lexical access on pruned phone-level lattices generated by
the MMI-HMM system along with a phone bigram language
network trained on phonetic transcriptions of the training part;
(ii) composing a pruned version of these word-based lattices by
applying a bigram LM; (iii) rescoring the pruned word-lattices
with a trigram LM; and (iv) computing the best path. This
system is referred to as decoupled MMI-HMM.
Since a stage-by-stage detection is performed at the attribute,

phone and word levels we can simultaneously obtain recogni-
tion results at all stages. These results are reported in the fol-
lowing two subsections, the first concerning front-end acoustic
processing of attribute detection and phone recognition, and the
second dealing with LVCSR after back-end lexical and syntac-
tical knowledge integration. Finally in the last two subsections,
system combination strategies that achieve the best performance
are described in detail.

B. Attribute Detection and Phone Classification Results

The results reported in the second column of Table I are the
frame-based accuracies obtained using attribute detectors as de-
scribed in Section IV-A. The third column of Table I shows
frame-based classification accuracy obtained with a Naïve algo-
rithm. This algorithm assigned each frame with the most prob-
able label (true or false). That is, when themajority of the frames
in the training set is true for an attribute, then the Naïve algo-
rithm assigns value “true” to that attribute for all frames. This
information has been included in Table I to demonstrate that the
proposed solution can attain a classification result better than
chance.

2Note that the full SI-84 material was used to train the LOQ-1 and LOQ-2
systems, which means a 3% additional amount of training data than those used
in our proposed WFSM implementation.

TABLE I
CLASSIFICATION ACCURACIES (IN %) AT A FRAME LEVEL FOR

THE SPEECH ATTRIBUTES USED IN THIS WORK.

TABLE II
PHONE ACCURACY RATES (PARS) AT A FRAME LEVEL.

Although very good attribute classification accuracies can be
obtained for several attributes, such as nasal (97.1%), and stop
(94.9%). A deeper analysis revealed that the F1 score, which
can be interpreted as a harmonic mean of the precision and re-
call, is very low for some attributes, such as dental, mid, and
velar. For these attributes, the false rejection rate of the attribute
class is much higher than that of the corresponding non-attribute
class. On the other hand the false acceptance rate of the non-at-
tribute class was instead much higher than that of the attribute
class. Thus, most of the test speech was recognized as the non-
attribute class. A different training scheme that directly opti-
mizes the performance metrics of interest, for instance, max-
imal figure-of-merit (MFoM) learning [56] to maximize F1 of
the training set, can be used to address that issue.
The classification accuracies at the output of the “FRONT-

END” block shown in Fig. 3 are reported in the last row of
Table II. The phoneme classification accuracies at the output
of the “FRONT-END” block are equal to 89.1%, 86.34%, and
85.82% on the training, cross-validation, and test materials, re-
spectively. These results confirm that high-accuracy phoneme
classification with the proposed front-end. Moreover, the close-
ness between the accuracies on the CV and the evaluation sets
indicates that over-fitting has been avoided. For the sake of
completeness, the classification results for the “Detection-based
FrontEnd,” and the “Phoneme Classifier” are separately given
in the first and second row of Table II, respectively.

C. Word Recognition Results

Table III shows the performance of all LVCSR systems that
employ an ANN to generate the input features (i.e., TANDEM).
The proposed DET-WFSM system achieved a WER of 6.0%
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TABLE III
COMPARING WERS ON THE NOV92 FOR SEVERAL SYSTEMS.

TABLE IV
WER ON THE NOV92 FOR VARIOUS HMM/GMM SYSTEMS.

using the decoupled composition scheme outlined in (3). As
shown in Table III, this result represents a relative WER re-
duction of 28.5%, and 7.7% over LOQ-1, and LOQ-2, respec-
tively. That therefore demonstrates the viability of the proposed
approach. Furthermore, since the DET-WFSM system outper-
forms the TANDEM system, which attained a WER of 6.9% as
shown in Table III the good word recognition result was not
due to the use of discriminative inputs but to the decoding tech-
niques adopted in this study. Finally, if the front-end shown
in the upper part of Fig. 3 were to be used within the hybrid
HMM/ANN framework, the attainable WER would be 6.5%.
It is noted that the ML-HMM system attained a WER of

5.0%, as shown in the first column of Table IV. With MMI
training, the WER can be reduced to 4.6%, as shown in the
second row of Table IV. These WERs can be further reduced
using advanced discriminative training algorithms (e.g., [13],
[57]), and a WER of 3.9% has been reported in [57] when the
same experimental working conditions used in this paper are
adopted. It should be also mentioned that a WER of 3.0% on the
Wall Street Journal task in [58]; nonetheless, a different exper-
imental setup and more complex HMMs have been employed.
It is interesting to point out again that the proposed decoupled
approach is made possible by the high-accuracy phone classi-
fication attained by the proposed front-end. In fact, the decou-
pled MMI-HMM system delivered a WER as high as 13.3%, as
shown in Table IV.
Although it could be argued that a fully integrated decoding

scheme is always used in the standard HMM-based system, it is
noted that integration of useful information in the speech knowl-
edge hierarchy is often hampered by the integrated approach.
On the other hand, the decoupled approach provides a poten-
tial solution to LVCSR that can be beneficial to performance
and robustness in some specific context where the standard in-
tegrated approach is known to fail. For example, for ill-formed
utterances, such as those observed in spontaneous speech, par-
tial understanding is often needed because it may not be easy
for an integrated approach to properly represent the overall task
constraints [36].

D. System Combination Results

A visual inspection of the decoding outcome generated by the
decoupled DET-WFSM systems revealed that the target sen-
tence, when it exists, always ranks high among the best can-

TABLE V
WERS AFTER RESCORING 1000-BEST LISTS GENERATED

BY THE DECOUPLED DET-WFSM SYSTEM.

didates. Furthermore, the top-best decoded sentence was often
grammatically incorrect, and the trigram LM score for this sen-
tence was lower than that of the grammatically correct sentence.
We believe that this kind of recognition error was caused by
the strong acoustic models (high-accuracy phone recognition
has been reported in this work) that impose a specific recogni-
tion path not strictly observing the grammar information which
was only integrated at a later stage. To verify that, the standard
ML-HMM system was used to re-order the -best list gen-
erated by the decoupled DET-WFSM system. This rescoring
scheme was applied to generated by the proposed
DET-WFSM system, and this reduced the WER from 5% to
4.7% as shown in the second column of Table V, representing a
6% relative WER reduction over the ML-HMM result.
Indeed, this result also implies that the proposed approach

generates different and potentially better -best hypotheses
than the standard ML-HMM system where a fully-integrated
network was used to perform decoding. This outcome is quite
important. In fact, it is known that neither determinization
nor minimization is performed over the lattices generated by
HDecode, and HDecode therefore generates a less accurate set
of competing hypotheses than that obtainable by implementing
a conventional top-down ASR system with integrated search
within the WFSM paradigm [24], [59]. On the other hand,
the minimization and determinazation are not performed to
the final recognition network generated by (3), as commonly
done for ASR system implemented with WFSMs [24], [59].
This outcome is quite interesting, because it confirms that the
composition scheme adopted can also provide high-quality
lattices, which are of fundamental importance to perform
bottom-up ASR with decouple search . We will come back
to reconfirm this important assertion in Section V-E when we
present rescoring results with the word lattices generated by
the HMM systems.
After re-ordering the -best list, several grammatically

incorrect sentences were properly decoded. However, other
utterances that would be correctly recognized by the proposed
decoupled system might be now incorrectly recognized. We de-
cided to combine the acoustic scores of the ML-HMM system
with those of the decoupled DET-WFSM system using the
-best lists generated by the latter system. The acoustic score

combination was performed at a sentence-by-sentence level,
and 60% of the weight was given to the ML-HMM system
scores and 40% to the DET-WFSM scores. By re-ordering the
-best list according to these combined scores and trigram

language scores, the WER was further reduced to 4.3%, as
shown in the third column of Table V. This result represents
a 12% relative improvement over the standard ML-HMM
technology and an over 20% relative WER reduction from the
proposed decoupled DET-WFSM system with a 6% WER.
It should be pointed out that system combination has been

proposed in the past. For example, ROVER [60] performs
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TABLE VI
WERS AFTER RESCORING 1000-BEST LISTS GENERATED

BY THE DECOUPLED DET-WFSM SYSTEM.

TABLE VII
WERS AFTER RESCORING 1000-BEST LISTS GENERATED BY HMM SYSTEM.

system combination through a majority vote decision. ROVER
was not employed in this study because the aim of our rescoring
experiment was to shed light upon the quality of the set of top
competing hypotheses generated with our DET-WFSM system.
High-accuracy hypotheses are needed to carry out bottom-up
decouple recognition, and a lack of accurate interfaces between
layers doomed the early attempts of building top-down decou-
pled ASR systems to failure.
A next step is then to replace the ML-HMM system by the

discriminatively trained MMI-HMM system in the combina-
tion scheme. Furthermore, a WER of 3.9% was obtained if
both DET-WFSM and MMI-HMM acoustic models were taken
into account to re-order the -best lists generated with the pro-
posed technique, as shown in the third column of the first row
of Table VI. Again, this acoustic score combination was per-
formed at a sentence-by-sentence level, and 90% of the weight
was given to the ML-HMM system scores and 10% to the DET-
WFSM scores. The weights were determined using the CV set.
This final result represents a relative improvement in perfor-
mance of 15.1%.

E. Lattice Quality Comparison

Another important point is, as we have highlighted earlier: it
can be argued that the lattices generated by HMMs and detec-
tors possess different properties which can benefit system com-
bination. We used an indirect way to compare the quality of the
lattices, namely we use only the -best lists generated by the
HMM-based lattices and the DET-WFSM lattices with trigrams
rescoring on the 1000-best generated both lattices. Indeed, the
WER went from 5.0% to 4.7% for the ML-HMM system, as
shown in the second row of Table VII. If an MMI-HMM system
was used, the WER went from 4.6% to 4.3%, as shown in the
third row of Table VII. When compared with combination re-
sults obtained with the DET-WFSM 1000-best lists, we ob-
served a WER reduction from 6.0% to 4.3% and 3.9% with the
ML-HMM and MMI-HMM scores, respectively. This seems to
confirm that the quality of the word lattices generated with our
decoupled DET-WFSM system, although determinazation and
minimization have not been applied to the final recognition net-
work generated by (3), is still potentially better than both the
lattices generated by the integrated ML-HMM and MMI-HMM
systems.

VI. DISCUSSION

For LVCSR tasks, the compiled FSN was often too large and
therefore it becomes computationally expensive to find the best

Fig. 5. Spectrogram (upper panel) and posteriogram (lower panel) for the sen-
tence numbered 446c0210 of the Nov92 test set with focus on the area of the
errors occur. A conventional LVCSR system miss-recognize the word “Safra,”
and generates the transcription “Stock for.” In the second panel, the time evolu-
tion of the posterior probabilities, namely posteriogram, of manner of articula-
tion shows that that there are no plosive events in the time span under analysis.
Furthermore, wrong word recognition is delivered although correct manner or
articulation detection can be performed.

sentence through a huge and ever-expanding search space. Thus
all knowledge sources must be kept simple in order to be ef-
ficiently combined into a single search space. This has partic-
ularly inhibited progress at the linguistic level, and almost all
current LVCSR systems employ sub-optimal linguistic compo-
nents such as static lexicons (lexicalization of morphological
processes) and -gram language models (LMs) which force the
decoding process to generate hypotheses which sometimes con-
flict with the acoustic constraints.
Two WSJ examples that were wrongly recognized by the

top-down HMM-based systems with integrated search are dis-
cussed in the following to illustrate the potential feasibility of
using modular search to correct erroneous recognition results.
The first is about incorporating manner of articulation informa-
tion and the second about adding correct suprasegmental infor-
mation from pitch and duration. It will soon be clear that the
incorporation of such low-level events into top-down state-of-
the-art HMM systems is often not easily done, but it can be ac-
complished at a modular level in bottom-up integration. Var-
ious knowledge sources can also be integrated in the proposed
bottom-up framework by other researchers.

A. Integrating Attribute Information Into Modular Search

For example in the WSJ task, we had observed that a conven-
tional LVCSR system often confused the word “Safra”, with the
phrase “Stock for”. Nonetheless, to recognize the word stock it
requires the presence of two stop sounds, /t/ and /k/, in the region
of a vowel. This can be checked by visually inspecting the spec-
trogram in the upper panel of Fig. 5 which did not show the pres-
ence of stop sounds before and after the middle vowel. More-
over the time evolution of the output posterior probabilities for
each unit at each frame, known as a posteriogram [61] generated
by a bank of ANN-based detectors for manner of articulation
displayed in the lower panel of Fig. 5, clearly indicated that there
were no stop events in the area where the mistake occurred, and
it also signaled the presence of a glide (/r/ in this case) followed
by a vowel at the end of the time-span under analysis. If this
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Fig. 6. Prosodic analysis of the WSJ sentence if the Fed pushes the dollar
higher, it may curb the demand for U.S. exports. The first panel shows the wave-
form in the time frame between 2.72 and 3.32 seconds, where a recognition error
occurs. Specifically it may curb is recognized as and maker of. The second panel
shows the frame energy, whereas the F0 is shown in the third panel. The rec-
ognized phone and word sequences are reported in the forth and fifth panel,
respectively. The reference phone and word transcriptions are displayed in the
sixth and seventh panel, respectively. Two inconsistencies: (i) the F0 for the
segment “ker” is too high with respect to that for the preceding segment “ma”,
and (ii) “glottal closure” of the stop in “maker” is too long.

information could be properly extracted and included into inte-
grated search, these errors could have been avoided. This mis-
recognized utterance was corrected with attributed-based lattice
rescoring [32], [62] by combining attribute detection scores with
the frame HMM log-likelihood scores.

B. Integrating Prosody Information Into Modular Search

In a similar way, supra-segmental information, such as
prosody, and long-term language constraints, such as trigram
word probabilities, could not be easily cast into the FSN spec-
ification when performing top-down knowledge integration.
Potential errors could be corrected by using suprasegmental
pitch contours and duration features, as demonstrated by a vi-
sual inspection of Fig. 63. In the top panel the waveform for the
WSJ sentence “ If the Fed pushes the dollar higher, it may curb
the demand for U.S. exports” in the time span between 2.72
and 3.32 seconds is displayed to show a three-word recognition
error occurring when using the same HMM-based system for
illustrating the example in Fig. 5 earlier.
Specifically, the phrase “it may curb” was misrecognized

as “and maker of”. The panel below shows the frame energy,
whereas the F0 contour is shown in the third panel. The rec-
ognized phone and word sequences are reported in the fourth
and fifth panels, respectively. The reference phone and word
transcriptions are displayed in the sixth and seventh panels,
respectively. Knowledge-based analysis of the second and third
plots reveals two inconsistencies in recognizing the middle
word “maker” in the phrase, namely: (i) the F0 for the segment
“ker” is too high with respect to that for the preceding segment
“ma” which puts a strong stressed syllable in the middle of
the word, and (ii) the “glottal closure” of 60 milliseconds of
the stop sound in “maker” is too long. It should be a “stop
gap” of an unvoiced stop as in the correct but misrecognized
word “curb” instead. In a recent study we found that duration

3Dr. Chen-Yu Chiang of NCTU, Taiwan, had generated this figure.

information can be incorporated in a bottom-up manner to im-
prove state-of-the-art HMM system performance. Combining
prosody and attribute information was also beneficial. We will
report this set of new results in a future paper [63].

C. Event Combination Beyond WFSM

In this study only WFSM was used to combine low-level
events. New and flexible techniques are needed to accomplish
merging of detected events in the probabilistic lattices generated
in the intermediate stages during bottom-up knowledge integra-
tion. CRFs can be used to describe sequences of symbols (such as
phones or words) in terms of input features – e.g., local phonetic
attribute detections, and SCARF [46] allows researchers to
advance state-of-the-art ASR performance by harnessing large
numbers of independent featureswithout having to develop large
scale HMM-based LVCSR systems. This will serve as a good
tool for bottom-up collaborative ASR research as well. Novel
scientific ideas can thus be developed, evaluated and utilized
by adding derived acoustic and phonetic attribute features from
bottom-up to the existing state-of-the-art LVCSR systems.

VII. CONCLUSION

We have presented a bottom-up, stage-by-stage, knowledge-
integration approach to LVCSR using the AT&TWFSM toolkit.
Based on this publicly available set of library routines we were
able to extensively evaluate the feasibility of decoupled search
strategies with the 5000-word LVCSR WSJ task. Based on our
experimental results it was first found that a conventional de-
coupled HMM-based system cannot deliver the required pre-
cision and resulted in a dramatically degraded accuracy. On
the other hand, to be competitive with the performance of the
state-of-the-art, integrated ASR search strategies, two critical
research issues, precision of the output lattice and compactness
of the input lattice at every intermediate stage, are need to be
further investigated.
Furthermore, the decoupled bottom-up WFSM system gave

an overall word error rate of 6% compared with the best WER
of 4.6% attained by the HMM-based integrated search system
with MMI-based acoustic models. Clearly this was caused by
many pruning errors to maintain input lattices at reasonable
sizes in order to perform WFSM-based knowledge-integration
on memory-limited workstations. Nevertheless we believe the
word-level lattices generated with the proposed decoupled
WFSM system are more accurate than the ones obtained with
the standard HMM beam-search technology. This was demon-
strated in our setting where we obtained a 6% relative WER
improvement over the standard integrated ML-HMM system
by re-ordering 1000-best lists generated with our decoupled
approach. A further WER reduction was also observed when
the acoustic scores of the HMM and decoupled WFSM systems
are combined, yielding a WER of 4.3%. Finally, very good
performance for the Nov92 task was attained by combining the
acoustic scores of the proposedWFSM system with the acoustic
scores of a discriminatively trained MMI-HMM-based system
over the top -best lists embedded in the word lattices gener-
ated by the proposed system. The best WER reported in this
work is 3.9%, which is comparable with several state-of-the-art
modeling techniques applied to the same task [57]. A WER of
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3.0% on the Wall Street Journal task in [58] has been recently
reported, yet a different experimental setup and more complex
HMMs have been used.
A limitation of the detection-based front-end is the lack

of temporal overlapping (i.e., asynchrony) characteristics in
the attributes across different dimensions. Such asynchrony
is central to modern phonological theory (see a review in
[64]). Incorporation of asynchrony will significantly modify
the attribute targets in running speech in a principled and
parsimonious way (e. g., [20]). For spontaneous speech that
exhibits significantly more variation in pronunciation than
read-style speech, such asynchrony plays a more important
role. With the attribute targets modified in a phonologically
meaningful manner, we hope that our approach will further
enhance the value of the attributes for making word recognition
and spontaneous speech recognition more accurate. In addi-
tion, detectors based on mechanisms other than feed-forward
multi-layer perceptrons, such as deep learning [17], [65], [66],
are of great interest as well. In [67], it was demonstrated that
high accuracies for both phonological attribute detection and
phone estimation accuracy can be attained using DNNs. In [68]
was shown that language-independent speech recognition can
be performed using phonological attribute detectors; further-
more, phonological attribute have proven useful in automatic
language recognition tasks [69], [70].
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